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ABSTRACT
A System Dynamics Model of Soil Carbon Stock and Flows in Grasslands
Under Climate and Grazing Scenarios
Deirdre Sommerlad-Rogers

Carbon sequestration is paramount to reducing climate change. Grasslands,
representing 40% of all terrestrial area, can serve as a sequestration location if optimal
management strategies can be realized. This study used system dynamics modeling to
examine the temporal dynamics of carbon stocks and flows in response to grass species
composition, grazing intensity, and temperature and precipitation changes at the
landscape level. While there are other biogeochemical models in existence, they are
either meant to model large areas, including globally, or are meant to be at a farm level
and have limited plot sizes, limiting the options for rangeland managers to test
management strategies in larger areas. The aims included conducting a field study of the
rangeland, create an initial model; evaluate how the model responded to grazing,
temperature, and precipitation changes; and compare the model outcomes to prior work
to test the behavior of the model as the start of validation. This thesis used four plant
functional groups (C3 and C4 grasses, forbs, and legumes) as the base groups for the
model. C4 grasses were not found in in the field study but served to test whether the
model detected changes in sequestration when grassland composition is changed. The
results demonstrated an approach of using functional groups in system dynamics
modeling to optimize carbon sequestration while accounting for diverse management
strategies, as has been seen in other biogeochemical models. The model was aligned with
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prior field research in terms of carbon sequestration levels. The model was able to note
differences in grazing regimes, temperature, and precipitation changes in terms of carbon
sequestration. Grazing scenarios showed that while increased grazing impacted
aboveground litter, it had little impact on sequestration; there was only a 4% increase in
carbon with no grazing, Changes in temperature, up to 3°C, were predicted to increase
carbon sequestration by 16% from 0.442 to 0.514 kg*m-2*day-1 while decreases in
precipitation, both alone and in combination with increasing temperatures, was predicted
to decrease sequestration up to 44%. This has to do with the grassland composition,
especially as this was a C3 dominated grassland which grows in the winter and early
spring and required more water but lower temperatures for growth. Future research
should continue model validation, test additional functional groups like shrubs,
implement more soil carbon pools and flows and add a nitrogen component to the model.

Keywords: Carbon sequestration, plant functional groups, system dynamics modeling,
grasslands
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INTRODUCTION
1.1 Background
The amount of carbon in the atmosphere has reached critical levels and, due to the
greenhouse effect, the earth is predicted to warm by at least 2°C during the next century
(Yang et al., 2019). The negative effects of climate change are increasingly evident, and
the most recent Intergovernmental Panel on Climate Change report has estimated that we
have 12 to 15 years to make drastic changes in greenhouse gas emissions to slow this
trend (Intergovernmental Panel on Climate Change, 2018). If there is not a dramatic
reduction in the amount of atmospheric carbon, the 2°C increase in global temperatures
will be irreversible (Intergovernmental Panel on Climate Change, 2018). While there are
a variety of potential methods of removing carbon from the atmosphere, manmade
technologies that might sequester carbon are either not at a large enough scale or are still
in their infancy at the time of this writing (Yang et al., 2019).
One method of carbon sequestration (CS) that is being promoted is natural
systems that remove carbon from the atmosphere and sequester it in soil carbon pools.
While effective at sequestering carbon, natural systems should be considered part of a
broader aggressive emission reduction strategy (Boysen et al., 2017). As noted by Boysen
et al. (2017), the scale of just using natural systems would need to be significant in size
(i.e., 1 Gha of prime agricultural land). Seddon et al. (2018) pointed out that the focus on
forests as the primary source of natural CS is not necessarily a best practice, as a variety
of ecosystems are important for carbon storage and all resources need to be considered to
reduce atmospheric carbon. Additionally, many systems are already taxed and will be
1

difficult to restore within the short time period remaining; however, one promising
terrestrial carbon sink is under grasslands. This is especially true in California and similar
places, where tree mortality, wildfire, and long-term drought pose serious risk for forest
ecosystems and their CS capacities (Dass et al., 2018).
Grasslands have been promoted as a viable ecosystem for CS as they make up
around 40% of the earth's surface (Abdalla et al., 2018) and account for 34% of terrestrial
carbon storage, with the vast majority (89%) of carbon stored in the soil (Eze et al.,
2018). There are 1430 million hectares of abandoned agricultural grasslands globally that
could serve as viable locations of CS as grasslands have the potential of storing 264 Gt of
C (Reid et al., 2004). Globally, grassland carbon sequestration potential ranged from .01
to .03 GT of C sequestered annually (Ghosh & Mahanta, 2014). However, this is limited
by current grassland management practices (Ghost & Mahanta, 2014).
Research has demonstrated that properly managing grasslands can impact the
process of CS (Abdalla et al. 2018; Wang et al. 2014; Yang et al. 2019), including
grazing strategies (Abdalla et al., 2018; Byrnes et al., 2018; Ghosh & Mahanta, 2014;
Wolf et al., 2011) which could contribute to a decline in the amount of atmospheric
carbon when paired with other sequestration strategies. However, there is still conflicting
research about whether these rates will persist through time (Ampleman et al., 2014) as
well as how changes in environmental factors from climate change can impact CS. This
is one area in which system dynamics modeling can help researchers and managers better
understand dynamics of CS in grasslands.
In places like California, research is showing that grasslands are more resilient to
climate change and able to serve as a more stable CS location compared to forest in the
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21st century (Dass et al., 2018). Specifically, Dass et al. (2018), using a dynamic global
vegetation model (LPJ-GUESS), showed that while under an aggressive global
greenhouse gas reduction efforts by humas, forests had higher levels of CS than
grasslands (5.0 Mg C ha-1 for forests compared to 1.0 Mg C ha-1 for grasslands between
now and 2100), under all other scenarios, forests should be expected to retreat and release
CO2 into the atmosphere, while grasslands remained as carbon sinks except under
persistent drought, but even then, in California, grasslands would be expected to have a
lower level of CO2 release than forests (-.3 Mg C ha-1 for grasslands compared to -9.6 Mg
C ha-1 for forests). Thus, the inclusion of grasslands as part of a broader CS strategy is
important, but it must be done in an optimized way which requires the ability to test out
different scenarios and management strategies.
1.2 Problem Statement
To estimate the amount of carbon currently stored in grasslands and to identify
the long-term management strategies to increase CS, researchers have begun developing
grassland models to simulate ecosystem processes. Temporal simulation tools, such as
system dynamics modeling, allow researchers and land managers to test management
strategies that maximize sequestration in complex and dynamic systems without needing
to wait years for field experiments to determine the effectiveness of a proposed strategy
(Seligman et al., 2018). Effective management models require modeling biotic and
abiotic relationships throughout the ecosystem that is being considered for management
including plant-specific responses to and effects on the surrounding environment.
Research thus far has centered mostly around field experiments and crop models.
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The majority of field research on grasslands has been at a plot scale, often with
short time frames. While this type of research has increased our understanding of
grassland ecosystems, there remains a limited, but growing, amount of research on long
term CS strategies on managed grasslands. There are only a few long-term grassland
locations such as the JENA project in Germany started in 2002 (Institute of Ecology and
Evolution, 2021), Silverwood Park in the UK started in 1856 (Silvertown et al., 2006),
and Cedar Creek in the US started in 1964 (University of Minnesota, 2021) that have
been able to show what the long-term processes are, giving critical information to align
modeling outcomes with field research. These projects have given us information about
long term interactions within grassland ecosystems but are constrained by their specific
environments. System dynamics modeling allows researchers to model complex systems’
nonlinear behaviors over time using feedback loops, stocks and flows, as well as field
data to predict potential outcomes of various scenarios (Sterman, 2001). This is different
from statistical modeling as it allows for non-linear relationships, which is a limitation of
statistics (Costanza & Ruth, 1998).
Due to the time it takes to engage in experimental research and the need for more
immediate solutions, modeling has become a critical tool to test ideal management
strategies. Modeling allows research to project potential outcomes of management
strategies and ecosystem changes and see how they might impact various outcomes
including sequestration of carbon as grassland shift to more arid conditions (Sándor et al.,
2018). There are a number of models that have been used to look at CS across a variety
of ecosystems and landscapes. These include LPJmL which was developed as part of the
Jena project, uses 10 functional groups (FGs) to simulate vegetation across a multitude of
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biomes, uses system dynamic modeling to look at large scale modeling, often globally,
and uses field research to validate vegetation patterns where that research is available
(Sitch et al., 2003). Sandor et al. (2018) aggregated eight grassland models to test for how
well they were able to simulate the impacts of grazing and fertilizer. Models included
three versions of DayCent, two versions of the Agricultural Production Systems
sIMulator, Lund-Potsdam-Jena managed Land (LPJmLK), the Pasture Simulation model,
and SPACSYS. They found that these models account for changes in grazing and N
fertilizer on C and N fluxes, but ran these models anonymously, so they did not
distinguish across the models in their results. They modeled large landscapes, as did the
study their work was based on (Ehrhardt et al., 2018). Ehrhardt er al. (2018) modeled
seven sites globally, examining how their models predicted agricultural productivity and
greenhouse gas emissions related to farming practices.
Most modeling has been done on large areas, such as Mongolia or Europe or a
state like California, making them impractical for smaller scale management projects,
creating a need for models that simulate carbon sequestration for smaller managed areas
like farms (Del Prado et al., 2013). There are some tools that exists for farms, like
DayCent, which can be useful for farmers to plan both greenhouse gas and CS strategies,
but the field sizes need to be under 1100 acres with a maximum of 20 parcels for the tool
to run effectively (COMET-Farm Tool, n.d.). Most of the system dynamics modeling that
has occurred at smaller scales focus on single crops for farming strategies, but rarely is
system dynamics modeling used as part of grassland management planning on a
landscape scale.

5

Asao et al. (2018) modeled a California grassland using DayCent, and compared
it to field observations, but they noted a limitation in the model in that it did not account
for shortwave radiation, which was problematic when applying models to California, but
works well when applying it to the continental U.S., as litter in California, when exposed
to photodegradation, releases CO2. They compared grasslands in the foothills of the
Sierra Nevada to their model simulations which aligned closely in terms of biomass and
ecosystem respiration once they modified some of the parameters of DayCent. One
limitation was that they used overall aboveground biomass, and did not account for the
ways that FGs might interact within the ecosystem (Asao et al., 2018).
Kipling et al. (2016) pointed out one strategy that would help researchers
understand grasslands is the use of plant FGs. Functional groups group plants with
similar morphological and physiological traits (Davies et al., 2007; Kiniry et al., 2014)
and by their responses to environmental factors and role within ecosystems (Funk et al.,
2017). Because these species act similar in certain ways, such as resource use within the
ecosystem (Kiniry et al., 2014), using FGs allows researchers to make meaningful
predictions about how FGs will operate generally (Funk et al., 2017). Kiniery et al.
(2014) noted that their comparison of field research to their simulations with FGs shared
similar leaf area index (LAI) and radiation use efficiency (RUE) and that the FGs they
use, which were based on plant type and morphology, were closely aligned with field
observations. The main FGs are defined by growth forms: these include shrubs, forbs,
legumes or grasses, and phenology C3 or C4 photosynthetic pathways (Hou et al., 2013).
Functional groups allows for models to account for different tasks that groups of species
do within a grassland ecosystem, although within FG, species variation can be wide in
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terms of their effects on CS, resource use patterns, and how they function within an
ecosystem (Davies et al., 2007).
Numerous researchers have demonstrated the usefulness of using functional
groupings in understanding the relationship between grassland composition and
management strategies including grazing (Abdalla et al., 2018; Ampleman et al., 2014),
grassland productivity (Li et al., 2016; Roscher et al., 2018), developing management
strategies specifically for endangered species (Kooyman & Rossetto, 2008; Labadessa et
al., 2013), and carbon sequestration (De Deyn et al., 2011; Francioli et al., 2020; Li et al.,
2020; Steinbeiss et al., 2008). Yet, a systemic application of FGs to California grasslands
management strategies using system dynamics modeling has not been found in the
literature, especially as it applies to modeling CS.
1.3 Research Aims
The aim of the research is to explore whether system dynamics modeling using
FGs found in California Central Coast grasslands can estimate annual carbon
sequestration. To do this, the aims of this thesis are as follows:
1. To collect plant species field data to serve as model related parameters of
species representing different FG using Swanton Pacific Ranch as a case
study;
2. To develop a model structure with FGs used for predicting soil C changes
in the grassland ecosystem;
3. To evaluate how the model behaves in response to changes in temperature,
precipitation, and grazing regime; and
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4. To compare model behavior to general trends that have been observed in
the literature.
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LITERATURE REVIEW
This chapter explores the current research on grasslands and CS as well as
simulation modeling of grassland CS. This chapter describes the literature around
grasslands and their importance as part of a broad strategy to reduce atmospheric carbon.
It examines the literature on FGs as well as the specific FGs used in this project. It
examines the use of system dynamics modeling to understand ecosystem functions as
well as how modeling has been used to engage in grassland management.
2.1 Ecological Significance of Grasslands
Before European contact, 550 million acres of North America were grasslands,
with much of that has been converted to crop land since colonization (Grand et al., 2019;
Figure 2.1 shows the historical range of grasslands in North America). Grasslands have
rich biodiversity and play an important role in the broader ecosystem including flood
control and erosion prevention. Before European contact, grasslands made up 20% of the
total area of California, although less than 1% today (See Figure 2.2 for current
California grasslands).
This project focused specifically on a grassland in California. Dass et al. (2018)
has found that grasslands in California can sequester carbon under changing climate
better than forest because of the impacts of extreme heat waves, long term droughts,
wildfires, and significant tree mortality had reduced the ability of California forest to
sequester carbon as the same rate as under prior climate regimes. Thus, grasslands
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represent a resilient carbon sink in California, especially as they are restored from
abandoned agricultural areas.
Currently 90% of the plant cover in California’s grasslands are non-native
(Eviner, 2016). Native grasslands in California are a critical ecosystem, supporting 40%
of its native plant species and contain 90% of the rare and endangered plants species, so
engaging in good management strategies in California’s grasslands are critical to
ecosystem preservation (California Native Grassland Association, 2021). There is a
growing movement to reclaim and restore grasslands across the U.S., making
management strategies of grasslands important for restoration, although restoration is
both difficult and site sensitive (Barry et al., 2020). Restoration can help create an
ecosystem more tolerant to a variety of stressors including changes in climate (Stromberg
et al., 2007). Additionally, management strategies can improve grassland resilience,
improve CS, and reduce C losses (Soussana et al., 2010), as well as benefit society
through creating productive grazing opportunities (Soussana et al., 2013).
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Figure 2.1. Pre-Western contact grassland types of North America, Wisley et al. (2019)
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Figure 2.2. California current native grasslands, Eviner (2016)
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While there are numerous ecosystems that are effective at CS, grasslands are
widespread and have been shown to remove carbon from the atmospheric pool when
certain management strategies are applied. According to Wu et al. (2014), grasslands
globally can store carbon at a rate of 0.5 Pg C year, accounting for approximately 10%30% of the total soil organic C (SOC), which is about 25% of the total potential CS in the
world’s soils. There are many factors that influence the amount of carbon stored in
grasslands including climatic conditions and management practices such as grazing
intensity and fertilizer additions (Eze et al., 2018). These factors change plant community
productivity, biomass allocation, nutrient availability, and microbial respiration rates that
effectively change the carbon dynamics in grassland ecosystems.
To understand which management practices would be effective in restoring
grassland health (including restoring abandoned agricultural lands) and increasing CS,
research continues to examine the effects of different strategies on long term CS.
However, many of the empirical studies of terrestrial CS look at short term impacts and
data from long-term CS research is limited. According to Arndal et al. (2018), elevated
CO2 treatments combined with climate change experiments are still limited, especially
those examining fine roots over extended time. The limited number of long-term field
studies is partially because of the requirements needed to run them in real time and the
amount of time it takes to garner results, thus the use of simulations to model the various
ecosystem factors for CS in different ecosystems provides quick results and allows for a
wide variety of manipulations to occur. Yet there have not been many studies that
incorporate grassland species diversity into ecosystem simulations, creating potential
deficits in modeling accuracy (Kipling et al., 2016; Van Oijen & Höglind, 2016).
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While prior research has found that of the many factors that influence CS in
terrestrial ecosystems, species diversity is important in creating grasslands that maximize
CS through creating healthy and more resilient plant communities (Eisenhauer et al.,
2018; Fornara & Tilman, 2008). Healthy grasslands include the ability to maintain
ecosystem functions like water conservation and carbon storage, while also maintaining
plant diversity and complementarity (Xu & Guo, 2015). Resilience is the capacity of an
ecosystem to respond and recover from disturbance or adapt to changes in ecosystem
factors including changes in climate (Folke et al., 2004).
One of the limitations of field research is the need to focus on a limited number of
species to understand the impacts of growing conditions. The ability of different species
to work together to create resilient ecosystems is important for climate adaptation (Folke
et al., 2014). Thus, this paper, as well as others (Sommerlad-Rogers, Setzler, & Chui,
2019), argue that the use of plant FGs allows for more effective modeling while still
being able to capture the impacts on CS.
2.2 Understanding the Role of Functional Groups in Ecosystems
Grasslands are complex ecosystems where species work to exploit different layers
to maximize resource use (complementary; Barry et al., 2019). For example, some plant
species respond to higher temperatures by increasing the length and depth of their roots,
while others will evolve shorter roots allowing more effective use of belowground
resources across species (Barry et al., 2019). Similar responses can occur aboveground as
well, which can increase shade for the soil, which helps with water retention and keeping
soils from getting too hot which would adversely impact belowground biomes (Barry et
al., 2019). As Piao et al. (2012) pointed out, there is increasing indication that vegetation
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productivity, specifically net primary production, can be a significant driving force
regulating carbon uptake). Therefore, species diversity should be integrated in simulation
models to ensure modeling accuracy. This diversity allows ecosystem like grasslands to
respond with little change to moderate drought (Arndal et al., 2018).
Natural grasslands contain a variety of species. Europe grasslands average 42
species within a 400 cm2 plot (Partel et al., 2005), Central Argentina have been noted to
have 89 species in shortgrass pastures per m2 (Cantero et al., 1999), and the Eastern
Tibetan Plateau had 50 species per m2 (Li et al., 2016). While it is important to account
for species diversity, creating simulation models by inputting data for 50 or more
individual species makes overly complicated models. Many field experiments
intentionally limit the number and types of species for this same reason, which can limit
the relationship between species diversity and CS, especially over decades, in
experimental field research.
Functional groups have been used to distinguish plant responses to environmental
factors, and because species can act similarly, it is possible to use these FGs to make
meaningful predictions about how a plant community will operate (Funk et al., 2017).
The main FGs are defined by growth forms such as shrubs, forbs, legumes, or grasses;
and phenology C3 or C4 photosynthetic pathways (Hou et al., 2013). Davis et al. (2014)
noted the importance of properly separating plant communities into FGs to ensure that
research is accounting for their functions within the ecosystem. It is also important to
include more than just grass FGs to understand the diverse grassland communities
(Davies et al, 2014). Also, when testing the effectiveness of using FGs, it is important to
make sure there is a critical number of species considered. Lyons et al. (2019) noted that
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their experiment and modeling of climate response of FG was limited by not considering
enough species as part of their model’s construction of FGs. Four main groups (C3 and C4
grasses, forbs, and legumes) have been identified as the most common FGs in various
grasslands around the world (Canarini et al., 2018; Reich et al., 2003; Wilson et al.,
2018), although FGs like shrubs have also been included in some research especially as
encroachment occurs into grasslands (Caracciolo et al., 2016).
Research has demonstrated that FGs can be used to explore grassland
composition, succession, N dynamics, and productivity in plant communities as well as
CS in soils when plant species are properly grouped (Canarini et al.; 2016; Reich et al.,
2003). Davies et al. (2007) tested the assumption that plants within FGs use resources
similarly to each other but differently from species in other FGs. They specifically used
morphological characteristics as the way they distinguished FGs, creating two forb
groups (shallow and deep roots), grasses (C3 and C4 grasses were grouped together),
spikemoss, and looked at the impact of all plant removal. They investigated what
happened to soil inorganic nitrogen when certain FGs were removed in their field
experiments. They found distinct differences in nitrogen oxide (NO3) levels when certain
groups were removed. For instance, removing grass FG (they combined all grasses for
this experiment) or the two forbs FGs increased soil NO3 concentrations more than the
other groups. Conversely removing their spikemoss FG had no effect on soil NO3
concentrations. They also found that separating out forbs into shallow and deep-rooted
groups had little effect on the results, supporting the idea that forbs can remain together
as a single group when using FGs to understand FGs impact on ecosystems.

16

The distinction between FGs of C3 and C4 photosynthetic processes in certain
species of plants has been recognized by Derner et al. (2006) as a factor that affects
plants CS due to the FGs unique phenology, regardless of whether they are grasses, forb,
or legumes. The known differences in photosynthetic rate between C3 and C4 plants
should be incorporated into a model, even though there are species level differences with
each group. Reich et al. (2003) studied 34 North American grassland and savannah
species and used mean values of traits for species of different FGs to find that there are
differences in leaf area ratio, photosynthetic rate, and other characteristics between C3
grasses, C4 grasses, forbs, and legumes which result in differences in CS rates for
different FGs. Following experimentation, Derner et al. (2006) concluded that overall,
plants that utilize C4 photosynthetic processes contributed to higher amounts of SOC than
the C3 grasses in their tall, mid, and short grassland communities. The authors reported
that in the North American Great Plains, greater than 80% of SOC in tallgrass
communities is associated with C4 relative to C3 plants and in shortgrass communities,
60-80% of SOC is derived from C4 species in grasslands where C4 species are present.
This conclusion is supported by Acuña et al. (2017), who compared SOC associated with
turfgrass species in Chile. This study showed C4 grasses has higher organic C content
when compared with C3 grasses. Given that FGs differ significantly in CS effects,
average values across species in an FG can be used in simulation modeling to represent
FG effects on ecosystem functioning, and ultimately, CS rates.
2.2.1

C3 Grasses

C3 grasses utilize the most common and simplistic photosynthetic pathway
(example of a species in Figure 2.3.a). They perform the Calvin Cycle by using the
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Rubisco enzyme to fix CO2, resulting in a 3-carbon molecule as a product of
photosynthesis. These grasses can thrive with higher atmospheric CO2 levels. C3 grasses
tend to grow in cooler seasons and have lower temperature but higher moisture
requirements than C4 grasses.
On average, C3 grasses tend to be fast growing than C4 grasses, have fast dispersal
rates which lead them to be found earlier in a grassland successional process, and their
roots can decompose faster than C4 grasses (Fornara & Tilman, 2012). Yang et al. (2019)
found that annual C3 grasses were dominant in the first 10 years of their research because
of the speed of spread and growth rate but eventually were outcompeted by C4 grasses, as
has been found by other researchers (Hoeppner & Dukes, 2012). Yang et al. (2019)
looked at rapid restoration of successional plant diversity’s impact on soil C storage.
They used treatment plots of species of perennial grassland plants found in an adjacent
undisturbed native prairie (1, 2, 4, 8 and 16 species). They noted that C3 and forbs root
biomass had higher rates of decomposition (55% and 138% faster) than C4. They noted
that the greater the plant diversity, the greater the annual rate of C storage.
Researchers have noted that C3 grasses, over time, give way to C4 dominant
grasslands in places where C4 grasses occur (Anderson, 2006; Edwards et al., 2010; Yang
et al. 2019), although this is dependent on the type of grassland, climate, the presence of
invasive species, and the impacts of climate change, including that some locations do not
have ecosystems that support C4 grasses. Additionally, prior work has noted that C3
grasses are more likely to respond with increased plant productivity under experimental
higher levels of CO2, including increased growth in roots (Ghahramani et al., 2019),
although long term research is starting to show this might not be the case (Weiss, 2018).
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Some grasslands, like the one used in the current study, have no C4s native to the region,
so the switch to C4 grasslands would not be expected unless there were invasive C4
species and the climate becomes suitable to accommodate them.

a

b

c

d

Figure 2.3 Examples of native CA plants in 4 FGs
(a) C3 Grass: Purple Needle Grass native to CA; (b) C4 Grass: Blue Little Bluestem
native to CA; (c) Forb: Silverleaf Croton native to CA; (d) Legume: Bird-foot Trefoil
native to CA

2.2.2

C4 Grasses

Grasses that utilize the C4 photosynthetic pathway produce a 4-carbon molecule
as a product of photosynthesis (example in Figure 2.3.b). These plants can concentrate
CO2 levels increasing the likelihood that CO2 binds to the Rubisco enzyme increasing
their rate of photosynthesis and overall plant productivity as compared to C3 grasses
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(Taylor et al., 2010). Sixty percent of C4 species are grasses, which means they are
critical to understand in planning long term grassland management strategies in locations
where they exist (Taylor et al., 2010). C4 grasses evolved in response to increased
temperatures (Abdalla et al., 2018) and periods of moisture stress as they have higher
water use efficiency and can grow under lower soil-water conditions (Edwards et al.,
2010). C4 grasses are more likely to grow in places where there are two distinct growing
seasons (winter-spring and summer) and tend to dominate the summer growing season
(Ehleringer et al., 1997). This could also have implications as regions become warmer
and we see changes in precipitation although C4 grasses have also been noted to thrive
under lower atmospheric CO2, which means that the current trends in emissions can
impact C4 grasses (Ehleringer et al., 1997), although this is still being explored in long
term studies (Weiss, 2018). There are mixed results about the effects of C4 on CS, with
Ampleman et al. (2014) finding lower level of CS in C4 dominated plots (4170±70 g C
kg-1m2) compared to forbs dominated (6020±210 g C kg-1m2) and mixed forbs and
grasses (4220±70 g C kg-1m2). Whereas Derner et al. (2006) found the C4 dominated
communities had higher levels of CS.
One distinguishing feature of C4 grasses is that C4 uses nitrogen more efficiently,
even though leaf N concentrations can be similar between C3 and C4 plants (Taylor et al.,
2010; Wolf & Ziska, 2018). In fact, C4 grasses have been noted to out compete C3 grasses
for nitrogen because of their high root mass, which is one of the reasons why in areas
where C4 grasses grow, they end up being the dominate FG (Yang et al., 2019). This is
important to note because carbon and nitrogen are closely linked to CS. Without N plants
cannot photosynthesize. C4 plants have an adaptive advantage that leads them to respond
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very differently to environmental factors compared to other FGs, including C3 grasses.
For example, Yang et al. (2019) found that C4 grasses had the greatest root mass, its roots
had the lowest decomposition rates, and were the dominate FG. These adaptions have led
C4 grasses to be the dominant grass FG in most grasslands, including North America
(Anderson, 2006; Edwards et al., 2010; U.S. National Park Service, n.d.).
C4 grasses are the dominant grass type in North America, accounting for about
50% of the species in U.S. grasslands where suitable micro-climate conditions allow leaf
temperatures to get above 25°C and that have enough precipitation to support C4 grasses,
although this can vary greatly (Teeri & Livingstone, 1980). For example, in Kansas, C4
grasses account for as high as 80% of grassland species (U.S. National Park Service,
n.d.). Although C4 grasses are found in warmer climates (where daily temperatures
exceed 22°C; Sage & Sage, 2002), there are examples of their presence in areas with
colder temperatures demonstrating species level diversity within FGs (Sage et al., 2015).
While C4 are not common in the Western U.S. (Sage & Sage, 2002), studies have found a
few C4 species in California, Washington, and Idaho (Sage & Sage, 2002; Teeri &
Livingstone, 1980). For example, Sage and Sage’s (2002) study of the White Mountains
in California found C4 grasses, specifically Muhlenbergia richardsonis, to be quite
common in an alpine zone at 3800 ft above sea level. Prior work has also noted an
increase in invasive C4 species across southern and coastal California (Sweet, 2011; Wan
& Sage, 2001). In fact, Wan and Sage (2001) found that between 45-95% of all C4
grasses on the Pacific coast were invasive, as compared to 13-67% of C4 being invasive
on the Atlantic coast, as the Mediterranean climate on the Pacific coast is more
supportive of C3 grasses. While to date there is no known C4 grasses in Santa Cruz
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County, there are studies that show C4 grasses (as invasive species) in other coastal
California counties including San Luis Obispo (Teeri & Livingstone, 1980) and San
Diego (Sweet, 2011). Even though C4 grasses were not expected in the grassland under
study, the C4 FG was kept in the model as this model will eventually be versatile enough
to be used in other locations and as a way to test whether the changes in FGs in the model
can demonstrate different amounts of CS.
2.2.3

Forbs

Forbs are broad-leafed herbaceous (non-woody) plants (example in Figure 2.3.c).
Some estimates have forbs accounting for between 10 and 20% of the species within
various grasslands (Sims et al., 1978). Non-legumes forbs do not have the same
symbiotic relationship with N fixing bacteria as legumes and differ from grasses in that
they are dicots whereas grasses are monocots. Because these plants do not have a readily
available source of nitrogen, they are generally sensitive to the addition of N fertilizer
(Reich et al., 2003) but there are species that have evolved to use other means for this
process. Forbs have been noted to have deeper roots, allowing them to access deeper
resources than grass species (Siebert & Dreber, 2019; Weaver, 1958). Forbs also have a
high diversity of functional traits, including their ability to respond to disturbances like
fire as well as compete for resources during drought as there are a variety of drought
tolerant forbs (Siebert & Dreber, 2019). There are effects of different climate regimes on
the presence of forbs, which could indicate potential shifts in forbs presence from climate
change (Hou et al., 2013) although Shahramani et al. (2019) noted a lack of change in the
percentage of both forbs, legumes, and C3 grasses in free atmospheric carbon enrichment
(FACE) studies with higher levels of CO2.
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Grassland composition and the abundance of forbs can also influence the amount
of C that is sequestered in the terrestrial ecosystem (Ampleman et al., 2014). In
Ampleman et al.’s (2014) study of a restored tallgrass prairie at Golden Moore Park in
Illinois, grassland communities dominated by forbs or consisting of forb-grass mixes
(less than 50% grasses) showed increased SOC levels, while grass-dominated
communities (over 50% grasses) experienced losses in total SOC levels after 33 years.
Specifically, the forbs dominated communities had the highest overall annual SOC
(0.56±0.13 Mg C ha-1 yr-1) over 23 years as compared to C4 grass dominated plots that
lost carbon (-0.31±0.08 Mg C ha-1 yr-1). Overall, the presence of forbs in grassland
ecosystems is crucial, as research has indicated that the greatest grassland productivity,
and thereby CS rates, can be achieved through a combination of C4 grasses and forbs
(Tilman et al., 1997).
2.2.4

Legumes

Legume distribution is smaller than that of grasses in grasslands generally;
however, they are very important to grassland ecosystems because they form a symbiotic
relationship with nitrogen fixing bacteria that transforms atmospheric nitrogen into a
form available to plants, a process referred to as nitrogen fixation, which helps plant
growth. The most known legumes are grown for agriculture like peas, lentils, and peanuts
as well as alfalfa and clover which are often grown as forage for grazing (example in
Figure 2.3.d). Legumes have their own specific responses and effects on ecosystem
factors. Reich et al. (2003) showed legumes had one of the highest rates of
photosynthesis in comparison to other FGs. They also contribute to nitrogen fixation in
the soil. Specifically, soil dwelling bacteria take the gaseous nitrogen and feed it to
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legumes, who then provide carbohydrates to the bacteria. Due to their unique N fixing
bacteria, Canarini et al. (2018) noted that the increase of legumes in grassland ecosystems
was related soil C/N ratios stimulating microbial activity and leading to an overall
increase in stored C in soils, minus the carbon lost from microbial respiration, making
them an important component within a grassland (Canarini et al., 2018).
Canarini et al. (2018) studied drought effects on SOC in grasslands and
discovered that even though legume biomass was much lower than the biomass of other
FGs in the grassland, their presence resulted in a large increase in stored C because the N
fixed by the legumes’ symbiotic bacteria relationship can also be used by plants of other
FGs, increasing total available nitrogen and removing this limit to growth for other
species (Yang et al. 2019). Ghahramani et al. (2019) noted that legumes respond better
under higher CO2 through increases in nitrogen fixation. It should be noted that the
presence of legumes can also impact decomposition rates, which can impact CS, as prior
work had found that living legume species potentially slow decomposition by increasing
the availability of N in the soils so that microorganisms are less triggered to decompose
existing soil organic matter to access N (Saar et al., 2016).
2.2.5

Functional Groups and the Complementary Effects

FGs in simulation modeling capture how species compete and collaborate within
an environment. Species diversity impacts on CS are linked through particular species
and FGs, including how they impact belowground effects (Francioli et al., 2020).
Productivity and resource use are of particular importance to creating land management
strategies that maximize CS. Research has looked at both intentional species use
(planting certain species to be analyzed) as well as natural areas around species diversity.
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Overwhelmingly, species diversity is linked to both productivity as well as CS in
grasslands (Ampleman et al., 2014).
Complementarity, according to Barry et al. (2019), is the way in which different
species interact including resource use, how they benefit other species, and their biotic
feedbacks, resulting in complementary effects (CE). Species diversity accounts for a
large part of the CE, which is how plants interact with each other for resources, leading to
plants finding unique niches to exploit including root depth and more diverse plant cover.
This helps to create more resilient communities (Bakker et al., 2019; Barry et al., 2019).
A growing amount of research has postulated this occurs belowground, especially in
terms of root distribution (Mueller et al., 2013).
There is a strong link between species richness and community functioning, as
different species use different resources, as well as add back into the soil resources
needed by others demonstrating positive CE (Bakker et al., 2019; Mueller et al., 2013).
Functional traits may be able to account for much of that effect, especially if FGs are able
to include both above and belowground traits as part of their grouping, specifically how
group traits are selected and how these are scaled to community level effects (see Funk et
al., 2017), which can help model CE (Zuo et al., 2018) and CS. Functional groups can
also be used to account for both invasive and native species (which might be grouped
separately in a model) and FGs can also be used to check how well a grassland will resist
invasion (Byun et al., 2013).
Bakker et al. (2018) explored the belowground traits impact of CE and found that
CE was largely explained by presence and competitive interactions of species (in their
research, two species in particular) as opposed to the diversity of root traits, as has been
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found by others (Mueller et al., 2013). A limitation of Bakker et al.’s study was the lack
of inclusion of FGs in the project and the limited time that the project was conducted.
The impact of the FGs, including their CE, may require grasslands to have a
chance to develop. Thomas Clark et al. (2018) found that FGs will colonize different
parts of a space, increasing the use of resources in a particular environment,
demonstrating FG complimentary effects. De Boeck et al. (2008) found CE increased
aboveground biomass yields. This was partially because of the legumes FG, leading to
greater above and belowground effects compared to monocultures (De Boeck et al.,
2008). Yet warming, though artificial heating of the experimental chambers in this
experiment, was still likely to suppress productivity, even in species rich grasslands,
which could be attributed to negative interspecific competition. Because the field
experiment only ran for three years, we have limited long-term understanding on how the
FGs might change in response to environmental changes. It is critical for managers to
have this long-term information to have management strategies as climate change
increases.
Yang et al.’s (2019) study lasted 22 years and they found that species diversity
and a specific combination of plant functional traits yielded 178% more CS than
monocultures, especially during their later sampling, supporting the need for more
diverse grasslands to maximize CS. They used FGs and demonstrated how communities
changed over time, with C4 groups coming in later in the maturation of the grasslands, a
factor that changed CS. This field research is encouraging and shows the importance of
long-term studies (Hoeppner & Dukes, 2012). Yet, because climate change is already
having adverse impacts on ecosystems, the ability of researchers to study long-term
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experiments is not viable. Strategies must be devised now to both implement these
strategies, as well as experiment with what factors will maximize CS in grasslands so
these strategies can be implemented today.
According to Munn (2002), C3 and C4 grasses have very different responses to
temperature, atmospheric carbon concentration, grazing intensity, and many other
environmental factors. These differing responses can affect the FG’s overall productivity
and therefore an abundance of other ecosystem functions that follow plant growth
including microbial respiration, nutrient availability, and carbon sequestration, which are
all related to CE.
2.3 Plant Growing Conditions
The conditions found in an ecosystem both directly and indirectly impact the
growth, phenology, productivity, and adaptation of plant communities (Hou et al., 2013).
Of particular importance for grasslands is precipitation and temperature changes, as well
as how they interact with each other to change to the growing environment. Experimental
research has shown effects on plant communities, including dominant FGs changes as
well as impacts on the belowground biome, as discussed below (Hou et al., 2013).
In addition, the use of the grasslands, particularly for grazing, has also been found
to have significant impacts on the health and substantiality of the ecosystem. These
factors are considered below as well as for this research’s model.
2.3.1

Precipitation

The amount of precipitation in the ecosystem directly impacts the ability of plants
to grow, as well as water that is retained in the soils. There is also research that shows a
relationship between precipitation and terrestrial CO2 exchange, which can have
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important consequences for CS (Biederman et al., 2016). This is important as drought
conditions are predicted to be more common in grasslands in the future, especially in
grasslands that are already semi-arid locations like California (Canarini et al., 2018).
Canarini et al. (2018) found that two years of drought conditions reduced plant litter
decomposition, which is one of the primary ways carbon is sequestered. However,
different FGs had different reactions to the drought conditions, with C4 having reduced
aboveground biomass while legumes were not impacted. Thus, the ability to model the
impacts of different precipitation levels across diverse plant species is important for
predicting CS in grasslands.
In addition to the actual amount of precipitation, known as effective precipitation,
that falls on the grassland, other factors should need to be included (i.e., hydrological
aspects of the ecosystem, soil properties, etc.) as they can impact the availability of water
throughout the ecosystem. There are three ways plants impact soil water:
evapotranspiration, interception, and vegetation accessing deeper soil water (Wilson et
al., 2018). Evapotranspiration is the loss of water from the soil through evaporation both
directly from the soil as well as from plants. Interception is how much the plant canopies
block precipitation from getting to the soil. Deeper root systems allow plants to access
deeper water. Research has looked at how these factors might interplay with FGs and
biomass.
Wilson et al. (2018) used SOILWAT modeling software to examine the effects of
FGs on three drought scenarios (current, future drought with climate driven biomass and
future climate with increased biomass) globally. They used five FGs derived from prior
research (perennial C3 grasses, perennial C4 grasses, annual grasses, shrubs, and mixes of
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perennial C3 and C4 grasses). They found that the effects for each FG across all their
drought scenarios were fairly consistent including that experimentally increased biomass
with future climate increased drought frequencies across all FGs. Annual grasses, both
native and invasive, had the lowest impact on droughts (25% less than other groups)
because they use less water because of the relatively short growing season, which allows
more water in the soil for longer. The differences between the C3 and C4 grasses in
Wilson et al.’s 2018 study were minimal, specifically the interactions between FGs. This
could have a real impact with drought and should be considered by future researchers.
Drier areas are much more susceptible to factors like interception and will be more
vulnerable to conversion to shrublands during drought because less water will get to the
soil which can impact grassland restoration management goals (Wilson et al., 2018).
Water movement through biological pathways can be modeled to some degree
using FGs, but temperature changes and precipitation need to also be included in models
to estimate CS. For instance, Abrahamsen and Hansen (2000) demonstrated, in their
revamping of the Differential Algebra for Identifiability of Systems (DAISY), the
importance of nuanced water dynamics in the ecosystem. The DAISY models agroecosystems using dynamic models of water, nitrogen dynamics, and crop growth. Within
the revamped DAISY model, they added snow melt, soil evaporation, interception,
infiltration and ponding, as well as transpiration as ways of accounting for water. This
more nuanced understanding of hydrodynamics improved the modeling of CS in agroecosystems.
In California, change in precipitation is expected to include more intense wet
years and longer years of drought. Swain et al. (2018) noted that Mediterranean climates,
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which are common in places like California and are the type of climate in which this
project is taking place, are noted for their dry summers and wet winters. They noted that a
warming atmosphere will increase the intensity but not necessarily cause a change in the
overall amount of precipitation in California in rainy years and increase the potential of
drought through both higher temperatures and seasonally persistent high-pressure ridges
(Swain et al., 2018). In fact, Swain et al. (2018) noted the potential for a 100% increase in
extreme wet events everywhere in California, which will be characterized by stronger,
but fewer storm systems that are more intense. They also expect more rapid “whiplash”
effects between dry and wet conditions similar to what was seen in the 2012-2016
drought followed by the 2016-2017 flood. Additionally, Mann and Gleick (2015) noted
that California can also expect to not just be dryers, but also hotter. The ability to model
these changes over time will be critical to also understanding the best management
strategies for grasslands.
2.3.2

Temperature

As climate change becomes more intense, the global increase in temperature will
have an impact on all ecosystems. There are numerous experiments in grassland research
that investigate the impacts of temperatures, especially how temperatures are also
associated with changes in precipitation (Abdalla et al., 2018; Craine et al., 2011; De
Boeck et al., 2008; Gremer et al., 2015). Changes in temperature affect not only the air
temperature, but also the soil temperatures, which in turn impact the microbial
communities belowground which are critical for CS (Yu et al., 2018). Abrahamsen and
Hansen (2000) included both air and soil temperature in their models, as both can impact
growth rates.
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Hoeppner and Dukes (2012) found that warming combined with drought
suppressed total production, species richness, and root depth. Their findings suggest that
changes in temperature or large changes in precipitation alone will impact the FG
composition, with C4 grasses able to enter into the C3 dominated areas as a potential
result of warming, where precipitation patterns support this change. They also point out
the need for models for forecasting the effects on individual ecosystems because of the
dynamic nature of each grassland’s response to temperature and precipitation changes.
Since temperature is directly related to growth, especially among C3 and C4
grasses, and influence decay rates which impacts CS, the inclusion of temperature in any
modeling is commonplace. System dynamics modeling allows researchers to test the
ecosystems tolerances under different temperature changes. As noted, before, California
is expected to experience more drought events, which will be driven by higher
temperatures and greater persistence in high pressure ridges (Swain et al., 2018).
California can except to not only be hotter, but also dryer (Mann & Gleck, 2015). Irfan et
al. (2018) estimated an expected change in Santa Cruz County temperatures in 2050 to
about 3°F or 1.5°C (app.).
2.3.3

Grazing

In addition to temperature and precipitation, the use of the grassland for grazing
has been well-researched. One of the main uses for grasslands is for animal production,
so the health and productivity of grasslands is important for the continuation of grazing
(Abdalla et al., 2018). One of the main issues in grasslands is overgrazing, which in
addition to impacting plant growth also leads to ground disturbances through trampling,
as well as increased and sometimes excessive nutrient inputs through manure production.
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As pointed out by Hu et al. (2018), properly balancing grazing can be beneficial if done
right. Additionally, grazing has been shown to help to restore native species back to
grasslands, which can affect CS as invasive species alter ecosystem functions including
water use and aboveground biomass (Martin et al., 2017), including in California
(Henneman et al., 2014). Additionally, prior work has found that annual grass invasion
lead to an average drop of 40 Mg/ha in soil carbon in the top half meter of soil because of
lower rates of net primary production, a shift in rooting depth and water use to primarily
shallow sources, and soil respiratory losses in non-native grass soils that exceed
production rates (Koteen et al., 2011).
2.4 Aboveground Plant Characteristics
To engage in predictive modeling, both above and below ground factors need to
be accounted for in the model. This section will give a brief overview of the factors
considered for including as aboveground factors for simulation models.
There are numerous factors that are included in modeling such as plant leaf area
(e.g., leaf area index, LAI), photosynthesis rate, ecosystem production, and litter mass.
While it is impossible to account for all of the above plant factors in a given model,
photosynthetic rate and LAI have been the most common ones used.
2.4.1

Photosynthesis.

Photosynthesis is the process where plants use sunlight to synthesize organic
carbon compounds from carbon dioxide and water. Plants, through photosynthesis,
assimilate carbon in their roots and leaves, which eventually is lost through grazing or
ends up in the soils, where part of it can become stabilized and part of it will be returned
to the atmosphere as CO2 decomposition (Jansson et al., 2010). Photosynthesis allows for
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carbon to be stored in the leaves and roots throughout the growing season, as well as to
become part of the soil during die off, which is often during the hot times of the year.
Carbon is also released from the plant through respiration.
Understanding the limits of carbon that can potentially be stored through this
process, as well as the management strategies that maximize SOC, is critical to model the
potential optional strategies. It is also important to know what aspects need to be included
within a model to simulate these processes. For the purpose of this thesis, photosynthesis
is being calculated through the equations proposed by Wu and Chui (2014) that account
for the leaf area index, as well as environmental factors and plant diversity.
2.4.2

Leaf area index

LAI is the ratio of leaf area of a plant community to the soil area. As you increase
leaf area, you increase interception. The shape and size of leaves impacts how much light
and water can filter down to lower levels of a plant community, which also impacts the
root and leaf growth rates. LAI can vary seasonally, especially in communities where
there are significant die offs and seasonal regrowth, which would need to be included in
models that are using LAI as part of its CS calculations. Lange et al. (2014) found there
was a positive impact between LAI and increased microbial biomass. Given the
importance of LAI, this project will be using LAI as part of the model as part of the
photosynthesis process, as well as a way to model FGs.

2.5 Belowground Factors in Grasslands
One growing area of recognition and experimentation in grasslands is that of
belowground communities. While aboveground factors have been studied extensively, it
is only in the last few decades that belowground factors have come under study. The
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belowground system includes the roots systems on the plants, microbial communities,
soils, water retention, and how all of these interact. As we are just starting to understand
the interactions of these systems, this section will focus on two impact factors that are
commonly used for modeling processes: Roots and soil.
2.5.1

Roots

Plant roots are critical to the health of the soil community, as they serve as an
anchor to prevent erosion, root exudates affect microbial activity, and help with carbon
sequestration. A micro-cell zone of soil adjacent to plant roots, referred to as the
rhizosphere, affects the soil biological properties and plays a significant role in plant
health, carbon sequestration, and soil fertility (Yang et al., 2018). Yang et al. (2018)
found that the rhizosphere was influenced by both environmental factors as well as
grazing intensity, which is an important consideration for modeling.
Fry et al. (2018) found that diverse plant structures and their forage ability (i.e., to
find water and nutrients) were the key driving factors in understanding soils, especially in
the early stages of converting fallow agricultural lands to permanent grasslands. These
factors include the depths of roots systems, the fine structures of roots which are the main
factors in root decomposition (Chen et al., 2017), and the diversity of roots to maximize
access to soil resources (Francioli et al., 2020; Fry et al., 2018). These factors, combined
with the ecological factors, impact the amount of carbon that can be added to the soil
from belowground plant biomass in grassland ecosystems.
Plant species richness can greatly increase CS by providing roots of different
substrate quality (e.g., root chemistry) and by changing the soil environment (e.g.
microclimate; Chen et al., 2017). In Chen et al.’s (2017) study, it was FGs, rather than
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species diversity, that had the major impacts on soil quality, including the C:N ratio. For
instance, C4 plants tend to have deeper roots and contribute more to deeper carbon
storage than shallower root C3 plants (McGranahan et al., 2014). This also helps with
deeper carbon storage, as carbon stored deeper is subject to different biotic activity and
soil properties generally and is less likely to be released through farming practice than
carbon towards the surface (McGrananhan et al., 2014).
Research has found, however, that the root:shoot ratio (also root mass fraction) in
invasive species is smaller than native species, which can have implications for CS
(Wilsey & Wayne Polley, 2006). To account for this, one would have to survey the
species in the grassland, which might not be possible.
2.5.2

Soil as a Belowground Ecosystems

In grasslands a significant part of the carbon is stored in the soil, regardless of
grassland type (Ni, 2002). The importance of soils in the functioning of ecosystems has
led to soil functions being integrated into environmental policies (Wiesmeier et al.,
2019). SOC is tied to net primary production, both of which impact carbon storage in
grasslands (Piñeiro et al., 2010). We are just starting to explore the links between
functional groups, plant diversity, and the impact on belowground systems and
intersection, including the relationship between FG diversity and soil microbial
communities. All of these can impact sequestration. The diversity of FGs was linked to
LAI as part of plant diversity (Lange et al., 2014). As plant diversity increased, so did soil
moisture, which in turn improved the microclimate conditions. Although as Lange et al.
(2014) noted, in the experimental plots, there was still less microbial diversity than in the
permanent meadows.
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This indicates two important things. First, biodiversity is an important driver for
soil systems, and second, the relationship of biodiversity and carbon storage entangles
with the soil in which the community exists. Storage of carbon in the soil has been linked
to plant diversity and the microbial community. Soil carbon is a balance between
production of shoots, roots, litter, and root exudates versus organic matter decomposition
(Lange et al., 2015). Lange et al. (2015) looked over nine years at carbon concentrations
in the top layer of soil. They found that increases in carbon occurred with plant richness
while legumes negatively impact soil carbon, but this occurred through indirect means
including fine root carbon inputs and microbial activity. Additionally, the microclimate
of that soil can be impacted through the invasion into grasslands of non-native species,
which can in turn impact soil respiration and CS (Zhang et al., 2016).
Soil texture also impacts the ability for the amount of carbon storage. For
instance, finer textured soils are associated with more carbon storage than coarser
textured soils (McGrananhan et al., 2014). For the purposes of the current study, soil
porosity will be included in the model as a proxy for texture, because the more porous the
soil, the greater the water retention ability. Spiesman et al. (2018) found that both
functional composition (in this case the C3:C4), as well as potential soil productivity, was
linked to SOC storage. They found a positive relationship between net ecosystem
production (both for below and aboveground production) and the number of FGs, but
only in productive soil, indicating the complexity of belowground factors. In addition,
there is developing research (Yu et al., 2017) that shows that mineral composition of the
soil is also important for C binding, as are factors like soil moisture and land use changes,
all of which can be impacted by management practices.
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Additionally residence time and carbon stabilization in soils can be an important
component in CS. Research has suggested that carbon stored at deeper levels in soils,
below 30 cm, is stable at longer time scales because of the potential for less disturbance
(Rumpel & Kögel-Knabner, 2011), although there is research that show that the
composition of these deeper soils could impact the amount of carbon sequestered (TorresSallan et al., 2018). This should also be considered in understanding CS.
2.6 Modeling Grassland Management
Much of the research on CS uses statistical analysis to look at differences across
species or FG, environmental changes manipulated in experiments, or changes in CS over
time. Even though this body of research has added considerably to our understanding of
grassland ecosystem dynamics, these statistical models are limited in how variables can
interact. The use of system dynamics and life cycle analysis models represent an
important tool to more broadly understand how multiple components within an
ecosystem interact with each other when accounting for climate change.
Modeling of ecosystem outcomes is a significant tool in understanding how
management strategies impact outcomes. It has been noted that integrated assessment,
which emphasizes the dynamic nature of an ecosystem and account for the interactions
and feedbacks between multiple drivers, are an important source of information and one
of the ways in which researchers examine the impacts of change over time (Winkler et
al., 2010). Winkler et al. (2010) noted that much of these integrated assessments use a
global viewpoint and are often focused on specific economic sectors as opposed to
looking at smaller ecosystems.
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For example, RothC models turnover of carbon while accounting for soil type and
environmental factors like temperature and precipitation. Field data has been used to
optimize the fit between the measures and modeled data and the RochC has been used for
over 20 years (Coleman et al., 1997). However, this model has some inaccuracies,
although its ease of use and availability remain primary drivers in its continued use in
research (Diele et al., 2021). Daily Century (DayCent) also models ecosystem processes
including plant growth, SOM, and can represent crop production and agroecosystems.
This uses plant FGs, including C3 and C4 grasses, and can simulate C in the top 20 cm
(McClelland et al., 2021). This is limited by the depth of the simulation, which is
important for C residency, as well as that it is primarily used for agricultural practices.
McClelland et al. (2021), in their validation of the DayCent, found that it was limited in
is accuracy against field data in annual variation in biomass for crop species, although it
did match well with field data for mean biomass and soil parameters. Asao et al. (2018)
also noted some limitations and need for additions to DayCent when modeling grasslands
in Mediterranean climates because of the need to account for shortwave radiation that is
currently not in the model.
Systems modeling allows researchers to include a wide variety of system
variables that can affect a system’s behavior over time. These variables do not necessarily
represent the same category. For instance, one may identify social, political, and
economic variables, in addition to physical, chemical, and biological variables in a
system. This feature allows for adaptive management and conservation management
planners to test their management strategies to understand how changes over time might
impact ecosystem outcomes. It also allows them to model ecosystem transitions that can
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occur, including moving from grasslands to shrublands to forests. The ability to integrate
temporal changes and their impact on multiple aspects within the model is a strength of
systems dynamic model that is not able to be accounted for in statistical analysis
including time series.
2.6.1

Use of Modeling

There are a number of modeling software and models that have been developed in
order to model the way plant communities operate; however, these are either focusing on
agriculture, such as EPIC (Tan & Shibasaki, 2003) which models crops, IBIS (Foley et
al., 1996), and STICS (Brisson et al., 2003), or global models such as the and the Lund–
Potsdam–Jena managed Land (LPJmL; Bondeau et al., 2007) or on other types of
communities such as forests. While these models are excellent for what they do, there is a
lack of scaled down modeling that looks at grasslands at the landscape scale while
accounting for grassland species diversity or FGs.
Even though species diversity has been identified as a major factor affecting CS,
many researchers focus on a single species or simple mixes, simplifying the
characterization of multi-species interactions that impact ecosystem functions such as
productivity, CS, and nutrient cycling (Kipling et al., 2016). Others oversimplify
modeling by including only phenology (percentage of plants that utilize C3 and C4
photosynthetic pathways) without indicating the plants life-history strategy, like grasses
or forbs, in their modeling (Wilson et al., 2018; Wu et al., 2018). For example, Wu et al.
(2018) had a fairly complicated simulation model of the asymmetric productivity, using
14 different ecosystem models in the LPJmL, to compare simulations to experimental
results around precipitation changes. Yet they only accounted for C3 and C4 grasses, and
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as they pointed out, this limitation could have impacted their results. As they noted,
trying to include each species into simulation models can result in an unwieldy model,
especially with ecosystems with dozens of species.
Rolinski et al. (2018) used the LPJmL to model four different harvesting models
on harvested grasslands to test different management strategies across Europe. They were
able to successfully simulate the effects of a variety of harvesting strategies on
grasslands, its impact on NPP and CS and compared the simulated results to selected onground research. It was noted that creating more realistic options would improve the
ability to explain management outcomes. They referred back to Kipling et al. (2016) as
areas still in need of further research.
2.6.2

FGs in Modeling

Functional groups are a potential way to simplify the modeling process by
accounting for a variety of intra-plant factors without needing to include the specific
details about each species in the community. FGs serve as a modeling tool to represent
plant communities and their relationships with the biotic and abiotic environment,
without the need to input data for each individual species. These FGs are differentiated
by their characteristics and corresponding relationships with environmental factors. For
example, Wilson et al. (2018) concluded that phenology, biomass allocation, plant height,
interception, and rooting depth caused different FGs to have differing impacts on
evaporation, soil water availability, and drought conditions. The same concept is true for
carbon sequestration rates in different FGs.
The use of FGs in ecosystem simulations can allow for models to account for
complimentary effects and species diversity, and as will be examined below, this can be
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done without the need to create overly complex simulations of species-specific processes
in what is already an intricate model. In the current project we are using a more complex
model by accounting for separate forbs and legumes groups, as well as C3 and C4 grasses
within simulation models to improve the nuances of the models.
When modeling the characteristics of FGs, there are several key factors that
should be included to properly simulate ecosystem processes. Biomass has a large impact
on CS rates and can be integrated into models through data on net primary production
(Luo et al., 2017) and vegetative growth, as well as growth responses to management
(grazing intensity, fertilizer addition, etc.), weather, and atmospheric carbon levels
(Kawo, 2017). Since growth is affected by photosynthetic rate, this should also be
included in models as measured by leaf area index which currently exists for FGs and
radiation use efficiency (RUE). Belowground factors should include vertical distribution
of standing root biomass and root length density, if possible (Siebenkäs & Roscher,
2016), leaf to root mass ratio (Rolinski et al., 2018), litter and root decompensation rates,
as well as both long-term impacts on N and C sequestration by groups. Additionally,
because C3 and C4 have different growth responses to weather, inputs of seasonal
responses by grouping would close some of the gaps in modeling identified by Kipling et
al. (2016), one of which was including FGs in models.
2.7 System Dynamics Modeling
System dynamics modeling (SDM), which is part of systems theory, allows for
the creation of complex models to study system behaviors. Originally created in the
1950s for use in business, it has been adopted in other fields including environmental
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management. The ability to connect different aspects of an ecosystem, which often
operate at different rates, is a strength of system dynamics modeling (Miller et al., 2012)
It allows for feedback or casual loops that allow for nonlinear behaviors to be
accounted for in the model. This allows researchers to understand how a change in one
area of the system impacts changes in other areas of the system in dynamic ways
(Sterman, 2001). This helps with forecasting, such as growth within a population, while
accounting for finite resources.
Another important aspect of SDM is the use of stocks and flows within the model.
Stocks are anything that can accumulate or be depleted over time, such as a population of
animals or financial or physical resources. A flow is the rate of change of the stock over
the time period of the model. This allows researcher to run and compare the impacts of
changes to the stocks given certain changes in both flows and connections within the
causal loops. This is gaining use in agriculture, ecohydrology, and forest management,
but there is not much research, at the time of this writing, on using system dynamics
modeling for understanding CS using grassland management strategies.
One example of the use of SDM is Miller et al.’s (2012) work on the hydrological
modeling in savannas. Savannas tend to be a patch work of grasslands and shrublands,
which lead to variations in soil, climate, and vegetation composition. They were
particularly interested in whether models can examine the varying amount of
ecohydrological properties including soil moisture and evapotranspiration. Their results
demonstrated that they could closely model the soil moisture and evapotranspiration for
several locations, i.e., the California and Arizona savannas, including when the grasses
would begin to green up. The model’s predicted values for evapotranspiration, soil
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moisture, and precipitation for the California site matched observations within 5%, 12%,
and 2% respectively. One limitation was that the daily net radiation was not included as a
model parameter. Another limitation was the lack of field information for some locations,
such as the Kenya location, which impacted the accuracy of the model. They were able
predict 10-year results, including a variety of disturbance scenarios, which helped to
support the model’s alignment with field research.
Another area where SDM has been used is in understanding agricultural impacts
and production and the need for agriculture to both respond to environmental changes
and social factors. Marandure et al. (2020) looked at the impact of ruminants in
sustainable agriculture and projected possible future outcomes until 2028. They started by
using interviews to find out key drivers among farmers, which was similar to what prior
research had done to ensure social inputs (Walters et al., 2016). They used the interview
information to create a causal effect relationship of environmental factors (i.e., biomass
availability in the area, hydrological consideration, nutrition demands, and animal
product outputs) and social factors (e.g., investments and income from livestock, social
value of livestock, etc.) to better understand how the use of these animals impacts the
decision to use livestock in agriculture among African farmers. Their model was tested
for a variety of ruminants (cattle, sheep, and goats) which showed when there would be a
peak value in the community for each one which was related to declining social fertility
and overharvesting is a driving factor in the value of livestock. Their model results were
similar to previous studies in terms of organic matter and biomass supply as well as
reduction in manpower for grazing. This has implications for farming practices and
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rangeland management choices, as much of the rangeland in the study location is
communal, as opposed to private.
There are some limitations to SDM, including those models can become very
complex and take considerable time to construct. This complicates the ability to build
changes into the model to test different scenarios. Additionally, the model is only able to
run a single scenario at a time, so users must run the model multiple times to allow for
comparisons. Also, there is some limitations in modeling in general, especially in dealing
with uncertainties such as climate change (Phan et al., 2021).
2.8 Chapter Summary
As pointed out by Yang et al. (2019), greater plant diversity is linked to
accelerated CS, up to 178% more than monocultures after twenty-two years, increasing
the need to include diversity in current models using FGs. System dynamics models
present a valuable tool for accounting for the complexity of ecosystems and temporal
changes in both climate and hydrological changes. Researchers who are engaging in
SDM need to consider the interaction between time and species diversity, as biomass
tends to increase linearly but root mass plateaued towards the end of Yang et al.’s twentytwo-year experiment. Both Rolinski et al. (2018), as well as Stöckle et al. (2003),
furthered the work of Yang et al. by discussing dynamic vegetation modeling frameworks
that have been tested, including the LPJmL (Bondeau et al., 2007 as discussed in Rolinski
et al., 2018), or DayCent (McClelland et al., 2021), as well as others. To integrate land
management in estimating CS dynamics, creating FGs based on functional traits of the
groups would allow for greater nuances in the modeling. This is important when
considering long terms CS modeling, as there is a need to determine the potential for
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optimal and sustained CS until soil carbon saturation is reached. Simulation modeling
using long term grassland species information would allow managers to test the effects of
various management strategies, which might include adding grazing, fire, and mowing
strategies, and allowing those to be included as part of long-term land management
strategies.
There are simulations starting to model these key factors, but many of these focus
exclusively on agriculture (see Stockle et al., 2003) and model crop yield rather than CS.
The work that has developed from this research could be tapped to give a baseline as to
how to construct specific aspects of FG models and eventually apply them to models of
CS in grassland ecosystems. Additionally, global models for carbon dynamics, such as
that of Rolinski et al. (2018), can be scaled down to the local community level and
integrate grassland management strategies into simulations to predict CS under specific
ecosystem conditions and management strategies.
It is important to create applied simulations models because of the potential for it
to take longer for implementation in practice than expected. Yonekura et al. (2012)
found, after new management practices were applied, simulations estimated that it would
take about 30-50 years of grassland establishment before C stocks reached equilibrium,
which is much longer than the timeframe of current studies that seek to understand the
effect of management on soil organic carbon stocks. Thus, there is also an urgency in
working through issues within simulation models to get real world applications.
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METHODS
The aim of this thesis is to explore whether system dynamics modeling using FGs
found in California Central Coast grasslands can estimate annual carbon sequestration
This chapter describes the site used for data collection, the software, the model
calculations, and the various scenarios in the model. Models can assist researchers to test
management strategies in complex and dynamic systems. Idealized management models
require modeling biotic and abiotic relationships throughout the ecosystem including
plant-specific responses to and effects on the surrounding environment. These changes
impact the ability of that ecosystem to sequester carbon. This thesis used system
dynamics modeling because of its flexibility and adaptability. Specifically, the ability of
system dynamics models to account for feedback loops, changes in stocks and flows, as
well as the ability to test concepts over time. This thesis also tested the viability of FG as
part of system dynamics modeling because it allows for a more streamlined model, as
opposed to using species level information. The model shown in Figure 3.1 is a brief
overview of relationships of the components in the proposed model.
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Figure 3.1. Model overview

3.1 Software
This project used the system dynamics simulation tool Vensim to develop a
modeling framework because of its affordability and flexibility to meet the research
objectives in this study. Vensim was developed by Ventana System as a simulation
software for both continuous and discrete modeling. Vensim, compared to other SDM
software, allows for greater flexibility on stocks and flows. Figure 3.2 shows a simplistic
model and the software’s interface. VENSIM and STELLA are two dominating
commercial software packages for system dynamic simulation. VENSIM provides a free
academic license which significantly increases the accessibility. STELLA, on the other
hand, does not offer free licenses, which enables the software developer to offer more
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advanced modeling functionalities than what free-version VENSIM can provide. Note
that both VENSIM and STELLA do not perform array computation, which limits the
simulation environment.

Figure 3.2 Vensim interface

3.2 Site Description
The study area was located on the coastal terrace grasslands of Swanton Pacific
Ranch (SPR), just north of Davenport, in Santa Cruz County, CA (Figure 3.3 and 3.4).
The 3200-acre research facility consists of a mix of coastal grasslands and forest
consisting of redwoods, Monterey pine, and manzanita. The ranch is part of the Scotts
Creek watershed. Swanton Pacific Ranch was chosen because of the variety of
landscapes, including ranch and rangelands, and access to the area for data collection.
The coastal terraces have not been used for agriculture in over 50 years and have not been
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mechanically disturbed since it was used for agriculture, although this does not mean a
return to pre-agricultural grasslands species. The ranch’s grassland is a semi-arid coastal
grassland dominated by introduced Mediterranean annual grasses but patchily intermixed
with native California perennial grass species (chiefly Nassella and Danthonia spp.).
Characterized by a Mediterranean climate that is slightly more mesic than the interior of
California because of its immediate proximity to the Pacific Ocean, the site receives
regular summertime fog, and more winter moisture than California’s central valley.
Temperature is mild throughout the year with lows rarely below 4°C/40°F and
highs rarely above 26°C/80°F. The wet season lasts from November to April, although
like much of California, this area is subject to drought conditions, which have been
increasing over the last 20 years (Pike, 2021).
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Figure 3.3 Location of Swanton Pacific Ranch
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Figure 3.4 Image of recently grazed rangeland at Swanton Pacific Ranch

3.3 Model Structure and Equations
There were three major components of the model: Below and aboveground
characteristics and carbon stock. The aboveground includes plant growth, leaf area index,
climate factors including amount of light, temperature and precipitation, and the grazing
strategies to account for aboveground biomass and CS potential. Belowground included
root growth and decay dynamics to account for belowground biomass and CS potential.
Carbon stock includes residence time and soil factors as well as the final amount of
estimated carbon sequestered. Time is in days.
3.3.1

Aboveground Equations and Data

Aboveground Biomass (ABM). Change of AMB (kg*m-2) was calculated by
taking the aboveground growth rate (AB GR; kg*m-2*day-1) minus the grazing rate (GZ;
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kg*m-2*day-1) to have the total remaining amount of aboveground biomass left that might
contribute to CS (See Appendix D Figure D.2 for detailed aboveground model used in
this research).
∆ABM = AB GR(t) − GZ(t)

(1)

The AB GR equation was obtained from Wu and Chiu (2014):
AB GR = RUE × R IPAR × εi

(2)

where RUE is the radiation use efficiency (kg per MJ IPAR) which varies between crop
type and is smaller for C3 than C4 plants (Sadras et al., 2016). RIPAR is the intercepted
photosynthetically active radiation (MJ*m2*day-1) which is the amount of light available
for photosynthesis that is intercepted by a plant. εi is the radiation interception efficiency
in fraction.
Radiation Intercepting Efficiency (εi). Wu and Chiu’s (2014) average radiation
intercepting efficiency equation was calculated using the average leaf area index (LAI; in
cm) as an input:
ε𝑖 = 1 − exp(−K × LAI)(−K × LAI)

(3)

where K is a dimensionless radiation extinction coefficient, which has an average value
of 0.55 for C3 and C4 plants, and LAI is a dimensionless coefficient characterizing plant
canopy in day (i) calculated from vegetation height (in cm) directly from the data
collected or were estimated from prior research if data was not available.
Data was gathered about the plant species present in the sampling sites at SPR and
the average height for these species, averaged by FG, was used to estimate LAI (Wu &
Chui, 2014). Because there were no C4 grasses present in the study areas grassland,
52

estimates of average C4 height was taken from prior work (Kim et al., 2016). The height
data was then used to derive an average yearly growth pattern for each of the plant FGs,
modeling average plant height as a function of time. Using the SPR height data, LAI was
calculated using an empirical equation deriving from the Soil and Water Assessment Tool
(SWAT) (Neitsch et al., 2002):
LAI𝑖 = 1.5 ln(𝐻𝑖 ) − 1.4

(4)

where height (H) is plant height in centimeters at day i. Average LAI for the grassland
was calculated by taking the sum of the LAI values for each FG and dividing by the
number of plants present at data collection. LAI was a weighted value dependent on the
abundance of each FG within the grassland which was represented as a ratio of each FG
using the field assessments (96% C3, 3% Forbs, and 1% Legume). Growth patterns were
also connected to precipitation and soil water content, which influences how quickly they
grew.
Intercepted Photosynthetically Active Radiation (RIPAR). RIPAR (MJ*m2*day-1)
could be found using the data from the net short-wave radiation (Rns) and a constant of
active radiation which is 0.45:
R ipar = 0.45 × Rns

(5)

where Rns (MJ*m2*day-1) is calculated as:
𝑅𝑛𝑠 = (1 − (0.29 + 0.06 ×

𝑆𝑖𝑛(𝑑𝑎𝑦 + 96)
) × 𝑅𝑠𝑎𝑑𝑗 )
57.3

(6)

Rsadj is the cloud-adjusted radiation in hours which is calculated using the equation:
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𝑅𝑠𝑎𝑑𝑗 = Rs𝑖 × 𝐷𝑠𝑖 + 0.5 × Rs𝑖 × (1 − 𝐷𝑠𝑖 )

(7)

where Ds is daily sunshine hour ratio of day i in a year and Rsi is the net short-wave
radiation in day i (in MJ*m2*day-1). Dsi is a fraction calculated by the number of
sunshine hours (Sh) in day i divided by the number of hours in that day (Dh). This
equation assumes a 50% Rsi reduction in cloudy days. Data on Sh was obtained from a
table included in Wu and Chiu (2014), and where the latitude (Lat) of the study site was
37.06. Dh (hour) in day i was calculated using the equation:
𝜋

𝜋

𝐷ℎ𝑖 = 24 × cos−1 (1 − (1 − tan (𝑙𝑎𝑡 × 180) × tan((23.439 × 180) ×
𝑖

(8)

cos(𝜋 × 182.625))))/𝜋)

Rs is given in day i of a year and is calculated based on elevation at the study area in
meters (40.84 m) and extraterrestrial radiation (Rai; in MJ*m2*day-1) given the locations
latitude.
𝑅𝑠𝑖 = (0.75 + 2 × 0.00001 × Elv) × 𝑅𝑎𝑖
Rai was calculated using the equation:
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(9)

𝑅𝑎𝑖
24
2 × π × day
π × Lat
= ( ) × 4.92 × (1𝑥0.033𝑥 𝑐𝑜𝑠 (
)) × (acos (−𝑡𝑎𝑛 (
)))
𝜋
365
180

× tan (0.409 × sin (

2 × π × day
𝜋 × 𝐿𝑎𝑡
2 × π × day
)) × 𝑠𝑖𝑛 (
) × 𝑠𝑖𝑛 (0.409 × 𝑠𝑖𝑛 (
))
365 − 1.39
180
365 − 1.39

(10)
π × Lat
+ 𝑐𝑜𝑠 (
)
180
𝜋 × 𝐿𝑎𝑡
−𝑡𝑎𝑛 (
)
180
2 × π × day
× cos (0.409 × 𝑠𝑖𝑛 (
)) × 𝑠𝑖𝑛 𝑎𝑐𝑜𝑠
2 × π × day
365 − 1.39
× 𝑡𝑎𝑛 (0.409 × 𝑠𝑖𝑛 (
))
365 − 1.39
(
))
(

Radiation Use Efficiency (RUE). The equation used to calculate RUE (kg per MJ
IPAR) was dependent on the difference between saturation vapor pressure (Es; in kPA)
and actual vapor pressure (Ea; in kPa). The equation used in the model was as follows:
RUEi = (0.96 − 0.85 × (Es − Ea − 1)) × 0.96, if Es − Ea > 1
Else RUEi = (Es − Ea) × 0.96

(11)

RUE𝑖 > 0
Where Es, saturation vapor pressure, was calculated as:
𝐸𝑠 = 𝐸𝑥𝑝 (

16.78 × Tavg 𝑖 − 116.9
)
Tavg 𝑖 + 237.3

(12)

in which, Tavgi (°C) is the average temperature difference between maximum
temperature (Tmax in oC) and minimum temperature (Tmin in oC) in day i, and Rhi is the
relative humidity in day i. Data used to calculate Tavgi is noted in Section 3.5.2. Ea is
calculated as:
𝑅ℎ
) × 𝐸𝑠
𝐸𝑎 = (
100
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(13)

where relative humidity (Rh; expressed as a percentage) was calculated using this
equation from Wu and Chui (2014):
𝑅ℎ = 100 ×

EXP((17.625 × Td)/(243.04 + Tavg 𝑖 ))
EXP((17.625 × Tavg 𝑖 )/(243.04 + Tavg 𝑖 ))

(14)

where Td is the dewpoint in °C. Dewpoint data was imported from a weather station on
SPR and was averaged to fit into the structure of our 365-day model as there were
multiple years of data used. The dewpoint datapoints were combined with average
temperature data to calculate Rh using the August-Roche-Magnus approximation.
3.3.2

Grazing Equations and Data

Grazing (GZ, in kg*m-2*day-1) was used in the model because the grassland under
investigation were grazed annually (See Figure D.4 Grazing for model specifics). In
addition, grazing is a common grassland management strategy, as discussed in Chapter 2.
This can be manipulated to test different grazing regimes. In this research cattle were
used as the primary grazer in the grassland. Grazing was estimated using the equation:
𝐺𝑍𝑖 = 0,

𝑖𝑓 𝐴𝐵𝑀𝑖 ≤ 𝐹𝑖 0,
×

𝑖𝑓 𝐴𝐺𝑀𝑖 ≤ 𝐹𝑖

Anim𝑖
𝑒𝑙𝑠𝑒
𝐺𝑎

𝐺𝑍𝑖 = 𝐹𝑖 ×

(15)

Anim𝑖
𝐺𝑎

where GZi is the amount of grazing (kg*m-2*day-1) at day i; Ga is the area available for
grazing in m2, Animi is the total number of animals on Ga, and Fi is the amount of feed
needed daily per animal (kg*animals*day-1). Grazing area (Ga, m2) was calculated using
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the total area which the grazing takes place within the grassland. For this model, the
entire grassland was used, which is 4,856,228 m2.
Animi was based on the average number of cattle on pasture at SPR between 2014
and 2018. For this study, it was the number of cattle (Animi). The equation for Animi
allows for variation in the number of animals that reside on the grassland and the number
that are brought on for short period of time for profit.
Anim𝑖 = (𝐴𝑛𝑝𝑖 ) + 𝐴𝑛𝑟𝑖

(16)

where Anp was the amount of time non-SPR residential cattle were brought on to graze
for profit. For this model cattle were brought on at day 122 in most years and were on
pasture for 45 days and there was an average of 320 stockers annually (personal
communication with Dr. Grey Hayes). There were approximately 50-75 head of cattle
that were permanent residents, Anr (noted as SPR cattle herd in the model; personal
communication with Dr. Grey Hayes). To simulate cattle change under the herd-size
scenario, Animi is increased or decreased to manipulate the total number of cattle as a
management strategy. This can be modified for each location’s capacity making the
model flexible for different management strategies.
The daily feed demand (Fi) was based on Selk (2018). The average cattle will eat
about 2% of their body weight to maintain their weight, which is about 24 pounds or 10
kg per day. This led to the daily feed demand of 10 kg/per animal/ per day as the base for
this model. This can be adjusted to different types of animals or to account for weight
gain among animals.
RSR = (FGx RSR × Ratio of FGx )
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(17)

RSR is the root:shoot ratio and was calculated using data from various articles for
each FG (noted as FGx in the equation). The RSR equation accounted for each FGs RSR
multiplied by their total ratio (m2/m2) within the grassland (FGRSR x Ratio of FG in the
grassland). NGR (dimensionless) is regulated by soil moisture content (Fig. 3.5) and was
estimated from previous work who estimated the root growth potential in a grassland
from their field study (Allard et al., 2005).
RSR = (FGx RSR × Ratio of FGx )

(18)

For the current project there were four FGs used. For cool season C3-grasses a RSR of 3
was used (Amanullah et al., 2015). Forbs and C4 plants (both native and invasive species)
were taken from Wilsey and Wayne Polley (2006) where forbs had an average of 3.8 and
C4 had an average of 3.5. Legumes RSRs tended to be smaller, averaging 2.5 (Lyu et al.,
2016). The ratio was derived from field data (See Appendix C and described 3.4.1).

Figure 3.5 Average root growth potential corresponds to different soil moisture level.
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3.3.3

Belowground Equations and Data

Root decay (kg*m-2*day-1) Root decay was a function of belowground biomass
(kg*m2) and the root biomass decay rate (1/day). Root biomass decay rate was calculated
from the rate of decay of root mass as a function of environmental factors (soil moisture,
precipitation, and temperature). Solly et al. (2014) noted that herbaceous roots
decompose at about 6% per 12 months, so this was used as the base decomposition rate
for the equation in the model:
Root biomass decay rate = 0.0006 × Decay rate weighter

(19)

The decay rate weighter (dimensionless) was derived from information from Solly et al.
(2014) and was calculated as:
1 +(𝐷𝑐∆𝑇 + ~𝑇) + 𝐷𝑐∆𝑆𝑀 + ~𝑆𝑀

Decay Rate weighter = (

2

)

(20)

where both change in decay by temperature (DcT) and change of decay by moisture
(DcSM) were tables (See Appendix E). The difference in temperature (~T) was calculated
using the equation:
~T = Tavg 𝑖 − 𝐷𝑐𝑖𝑑𝑒𝑎𝑙𝑇

(21)

where Tavgi is the average temperature at SPR and the ideal t for decay (DcidealT) was
noted as between 15°C/59°F and 25°C/77°F. When temperatures are warmer than
36°C/96°F or colder than 10°C/50°F the decay rate slows down, although it does not stop
(Onwuka & Mang, 2018).
Difference in Soil Moisture (~SM) had two main components: soil moisture (SM)
and ideal moisture for decay (SMideal). Soil moisture was discussed in the environmental
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data section. The difference in soil moisture was calculated by calculating the soil
moisture content:
~SM = SM − SMideal
3.3.1

(22)

Soil Carbon

The last section of the model was accounting for the soil carbon stock (Csoil;
kg*m2) from both above and belowground factors (See Figure D.5 in Appendix D). the
change of soil carbon stock was taken by adding carbon flow from aboveground (Cab;
kg*m-2*day-1) to carbon flow from belowground (CBG; kg*m-2*day-1) minus carbon
outflow from soil (CSx, kg*m-2*day-1):
∆CSoil = (CAG + CBG ) − CSx

(23)

The carbon flow from aboveground (CAG) was calculated by using the amount of
aboveground biomass (ABM, see eq. x) and residence time for the carbon. Residence
time (Rt) is the average amount of time carbon stays in the soil given particular
conditions (Green & Byrne, 2004). For the purposes of this model, we estimated
residence according to Green and Byrne (2004) who estimated it was around 3.5 years.
Residence is how long the carbon is stable in the soil (in 1/days) and can impact both
storage capacity as well as C cycling, making it important for understanding CS
dynamics (Guo et al., 2017). Because this is still not well understood, we estimated
turnover rate for the purposes of this model (1/(3.5*365)). This should be adapted as
residency is better understood.
𝐶𝐴𝐺 = ABM ∗ Rt
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(24)

C flow from decaying root (CBG). (kg*m-2*day-1) To calculate the amount of
carbon sequestered from root decay, the decay rate, amount of belowground biomass, and
the carbon loss data was used.
𝐶𝐵𝐺 = 𝐵𝐺𝐵 × (1 − 𝐶𝑑𝑒𝑐𝑎𝑦 )

(25)

where BGB is the belowground biomass (kg*m2) and Cdecay is the carbon decay function
(1/day). Carbon loss data can be fitted into a single decay function when time is added as
an independent variable (Bloemhof & Berendse, 1995). While Bloemhof and Berendse
(1995) originally was used to look at CS derived from aboveground biomass, it was
adapted for belowground in this work. The original decay function equation used was:
𝑋(𝑖) = x(0) × 𝑒 −k∗i

(26)

where X(i) is the remaining amount of carbon per gram at day i, x(0) is the initial amount
of carbon per gram at day 0, k is the dimensionless relative rate of carbon loss. Initial
carbon x(0), was drawn from Bloemhof and Berendse (1995) from their average species
level of carbon. In order to better calculate k for the purpose of belowground carbon, a
separate equation was used from Zhang et al. (2008). They were looking at
decomposition rates (k) at the global level across multiple ecosystem types. Because their
research found that decomposition rates are subject to location as well as environmental
factors, k is calculated by using the empirical equation shown below.
𝑘 = −.065 + 0.0001 MAP + 0.044 𝑇avgi

(27)

MAP was the mean annual precipitation (in inches) which was measured using annual
rainfall and mean area temperature (°C) which was measured using Tavgi.
Soil Carbon outflow. We assumed soil carbon would exist the system when soil
carbon stock exceeds natural soil capacity (CSx, kg*m-2*day-1). This term implies the
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capacity of soil to accumulate carbon is not infinite. Soils uses carbon stock, soil depth
and carbon capacity to estimate the amount of potential carbon that could be stored.
𝐶𝑆𝑥𝑖 = 0, 𝑖𝑓 𝐶𝑉𝑠𝑜𝑖𝑙 < 𝐶𝑐𝑎𝑝
(28)
𝑒𝑙𝑠𝑒, 𝐶𝑆𝑥𝑖 = (𝐶𝑉𝑠𝑜𝑖𝑙 − 𝐶𝑐𝑎𝑝 ) × 𝑆𝑑 /𝑑𝑡

Thus, CSx at day i is 0 if carbon stock in soil volume (CVsoil, kg*m3) is less than
estimated capacity (kg*m3). In our model setting, dt equals one day as this tool follows a
daily step. Soil depth (Sd) is set to 1.2 meters, which is derived from the work of Witman
(2012) who found roots in the SPR grassland as deep as 1.2 meters. CVsoil is
transformed from soil carbon stock Csoil (kg*m2) by taken into account Sd (m).
𝐶𝑉𝑠𝑜𝑖𝑙 = 𝐶𝑠𝑜𝑖𝑙 /𝑆𝑑
Carbon capacity (Ccap, kg*m3) is derived from the equation:
(29)
𝐶𝑐𝑎𝑝 = (𝑃𝐶𝑇𝑐𝑎𝑝 − 𝑃𝐶𝑖𝑛𝑡 ) × 𝑊
Where percentage of total carbon capacity (PCTcap, in %) in soil volume is taken from the
fact that the soils in this area of SPR are between 18-22% clay (USDA Soils Survey, n.d.)
which means there is approximately a carbon capacity of 10% of soil weight (Carson,
n.d.). The percentage of initial carbon capacity (PCint, in %) was estimated at 2% of soil
weight (W, in kg), but this is a placeholder until field research is able to be completed to
get the true starting value of carbon. An average bulk density (Ds, kg*m3) was used from
the work of Abdalla et al. (2018) assuming in a soil column (Sv in m3) of an area size of 1
m2 and depth of 1.2 m. This combined with soil depth gave soil weight (kg).
𝑊 = D𝑠 × 𝑆𝑣
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(30)

3.4 Data Sources
The model was created using a series of mathematical formulas, as well as field
data. Additional environmental data (i.e., temperature, precipitation, average amount of
sunlight) was collected from publicly available data sources from the National Weather
Service.
3.4.1

Field data

This project modeled four FGs: C3 grasses, C4 grasses, legumes, and forbs and
used data collected from SPR. There were 11 areas identified at SPR to compile grass
biomass data. Data was used to help calculate plant height as a comparison for root
growth rate. Figure 3.5 shows the areas that were selected for inclusion in the study. The
yellow outlined areas have not been previously tilled (based on aerial photos going back
to the late 1920’s). The green outlined areas were previously cultivated in the early 1900s
but have a species composition like many other coastal grasslands. Thus, these areas
represent undisturbed grasslands for at least the last 50 years. As such, it is the case that
the sample for this project represents an established, protected grassland on the coast of
California.
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Figure 3.6 Sampling areas at SPR

Once these areas were identified, 50 sample sites were randomly chosen for data
collection of plant height, dry above and belowground weight, and species and functional
group identification (See Figure 3.5 for plots and Appendix B for sampling
methodology). Field samples were 50 cm by 50 cm sampling plots with 4 sticks and a
200-cm string. Field data were recorded in geospatial mobile application Survey123®
created by ESRI to capture and organize the coordinates and imagery information.
Detailed sampling procedures can be found in Appendix B. Collection procedures
identified plants species and the number of each within this sampling plot and recorded
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plant information in the Plant Survey Data Sheet. One representative plant sample (both
above and belowground samples) of each species from each sampling plot was collected
for drying in a laboratory to measure dry mass weight.
Six plots were eliminated from sampling due to low accessibility (Plots 8, 16, 19,
34, 40, 42), giving a final sample of 42 plots for data collection. These weights are used
in calculating the above and belowground biomass data in the model. Appendix C shows
the species and the FGs found from the field survey.
3.4.2

Environmental Data

Temperature. Temperature data was collected from a temperature data station
located at Swanton ranch and used to calculate average temperature difference. The data
had to be condensed from its original format to have average temperature for each day of
the year as there were multiple years of data used (2011-2016). The ability to adjust
temperature was added to the model, temperature scenario, that will allow for testing
changes in temperature on CS.
Soil properties. Soil properties were taken from the Santa Cruz Soil Survey
(USDA Soil Conservation Service, 1980). The area in which this study took place has
Watson-Elkhorn-Pinto soils, which are fine-loamy and sandy soils on marine terraces or
old fluvial fans deposited from stream run off (USDA Soil Conservation Service, 1980).
Certain estimates were used as place holders based on the literature as testing of soil
samples was delayed because of COVID-19. We estimated the total carbon capacity at .1
and a total start rate at .2 with the initial stock at 5 kg*m3. Prior work has noted that the
region under study has a range of 4-8 kg*m2 of soil carbon, which informed our baseline
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(Ontl & Schulte, 2012). We used Witman’s (2012) thesis that studied root composition at
SPR to estimate the depth that fine roots were found, which was 1.2 meters.
The soils component of our model was a limitation and something future studies
should expand on including current level of carbon at the site. This study was able to use
actual soil moisture content, which will be described later. Future models, including at
other locations, might consider using the work of Porporato et al. (2001) for formulas for
modeling the temporal characteristics of vegetation water stress by changes in rainfall
patterns and how vegetation water stress impacts soil moisture dynamics.
Soil temperature data. Soil temperature was simulated to allow for changes in the
model but based on soil temperature data taken from a monitoring station location near
the study area. This was collected and stored by Henry Mount Soil Temperature and
Water Database. The data was measured from January 2011 through January 2020 at the
SPR2 Ocean Pasture sensor (See Figure 3.5), which is fairly close to the location of the
other samples.1 Soil temperature is especially important for root growth and decay.
For this model, we are interested in its impact on decay because decay is the main
way CS occurs. There is an ideal range of temperatures (15-25 °C) for growth and decay.
Soil that is too cold or too hot will have less or no decay and limited growth, depending
on the extremes. C3 grasses shoot growth ceases with soil temperatures around 32°C and
around 21°C while C4 grasses shoot growth stops around 50°C and root growth at 43°C
(Reeves, 2020). Lower limits of C3 grasses are 4°C for shoots and 0°C for roots and C4
grasses temperatures lower than 0 start to kill them. SPR has a limited temperature range,
with an average low of 12°C in January and an average highest temperature of 22°C in

1

Data from all of the sensors at this site can be found at http://soilmap2-1.lawr.ucdavis.edu/henry/
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August (See Figure 3.6), which means the area stays well within ideal decay range all
year round. There is an important interaction between temperature and soil moisture that
was in the model.
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Figure 3.7. Average temperature data between from 2011 and 2020
at SPR

Volumetric Water Content (VWC). VWC is the measurement of soil moisture as
a ratio of water held by the soil (ConnectedCrops, 2018). Similar to soil temperature, for
the purpose of this model, VWC was simulated and based on data that was taken from a
monitoring station located near the study area (See Figure 3.6). Ideal decomposition
occurs around 60% WFPS and decreases at rates higher and lower levels. This was
collected and stored by Henry Mount Soil Temperature and Water Database. Specifically,
the data was measured from 2011 through Jan 2020 at the SPR4 Ocean Pasture, which is
close to the location of the other samples. Data from all of the sensors at this site can be
found at http://soilmap2-1.lawr.ucdavis.edu/henry/ Project: SPR2 Ocean Pasture Sensor.
There is a clear interaction between air and soil temperature and soil water content (See
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Figure 3.7). Soil moisture in the model is linked to both the growth rate both above and
belowground biomass as well as decay rate.
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Figure 3.8. Soil and air temperature, soil moisture, Swanton Pacific Ranch, 2011-2020

Precipitation. Precipitation has been fairly consistent across the last 20 years at
SPR, with most of the rain occurring during the winter-spring, with extreme years of
2017 and 1998. Figure 3.8 shows the variation across these years in terms of rainfall. The
data used in this study reflected average across these years (See Figure 3.9).
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.
Figure 3.9. Rainfall from the last 20 years at Swanton Pacific Ranch
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Figure 3.10. Average precipitation in mm annually
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3.4.3

Grazing data

The grazing data used in this study was taken from a 5 year period (2013-2018)
average of cattle grazed at SPR (See Table 3.1). The average head of cattle was 320 and
they were brought out to pasture for an average of 45 days. 2014 was excluded from
create the averages as no cattle were grazed.

Table 3.1
Cattle Grazing Data from Swanton Pacific Ranch
Year

Total Head

# (class)

Stock Days per
Acre

2018

324

270 (steers)
50 (cows)
2 (bulls)
2 (SP stockers)

45.24

Average daily
gain per
animal
2.11

2017

280

280 (heifers)

51.76

1.71

2016

277

228 (heifers)
49 (heifers)

50.06

1.5

2015

288

14 (bulls)
274 (heifers)

45.18

1.06

None

0

0

518

86.79

1.44

2014
2013

518

In addition to the enterprise cattle that were brought on for short grazing periods,
there was also a cow-calf beef herd always at SPR, as opposed to being rotated on pasture
for short periods of time. This was used to estimate an average of 50 permanent cattle at
SPR.
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Table 3.2
Permanent Cows at SPR
#class

2018
2017
2016
2015

50

South Siberia Pasture
Total
Stock
Stock
days per
Days
acre
10110
13.2

53

East Unit
Total
Stock
Days
7579

Stock
days per
acre
27.54

#class

47

9494

12.38

42

6437

23.39

47

9400

12.49

42

6342

23.04

46

10396

13.82

52

7956

28.91

3.5 Scenarios
There were four variations that were run in the model: Change in FGs, grazing,
temperature change, and precipitation change to both test the impacts of SDM to predict
CS as well as to test the use of FGs in system dynamics.
3.5.1

C4 grasses

A scenario was run to see if there would be changes in CS if C4 grasses were
added to the model. It gave a check of the model to see if different FGs had different
impacts on CS. The field study showed that 96% of the grasslands were C3 grasses with
1% legumes and 3% forbs (See Appendix C for species composition). This was to see if
different FGs in the model would have different impacts on CS. For this we changed the
ratio of C3 to 45% and C4 to 51% leaving legumes at 1% and Forbs at 3% as was found in
the field study.
3.5.2

Grazing

As pointed out by Hu et al. (2018), properly balancing grazing, which can be
beneficial if done right, with the needs of the grasslands to recover is critical in both
considering management strategies and maximizing carbon sequestration. Additionally,
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grazing has been shown to help to restore native species back to grasslands, which can
improve CS, including in California (Barry et al., 2020; Henneman et al., 2014) as native
species have been to more resilient to changes in some ecosystems.
This study modeled three grazing strategies. The first was the current grazing
regime at SPR, which include 50—75 full time cattle as well as rotating 350 cow/calf
pairs on the rangelands in the spring for 45 days (personal communication with Dr. Gray
Hayes). The next set of simulations looked at how changes in stocking levels and grazing
intensity might impact CS. The first scaled back the number of cattle added to 150 and
the second looks at the CS if there were only the 50 SPR cattle.
3.5.3

Temperature Change

There were three temperature scenarios that were tested. To do that, an estimate
of the expected change in Santa Cruz County was obtained for 2050 (Irfan et al., 2018)
which showed an expected increase of about 3°F or 1.5°C (app.), which was done in the
first comparison. That was changed in the 2nd model to 6°F or 3°C, as there has also been
an underestimation of the changes over the last 20 years (Irfan et al., 2018). The model
was reset back to the baseline for grazing and FGs to assess just the impact of
temperature. A temperature change variable was linked in the model both to above and
below ground growth and decay so that changes in temperature would impact these
aspects of the model.
3.5.4

Precipitation Change

In addition to temperature changes, the increase in droughts and flooding in
California are also expected to increase (Swain et al., 2018). Swain et al. (2018) noted
that Mediterranean climates, like California, are noted for their dry summers and wet
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winters but that a warming atmosphere will increase the intensity but not necessarily a
change in overall amount of precipitation in California in rainy years and also increase
the potential of drought through both higher temperatures and seasonally persistent high
pressure ridges (Swain et al., 2018). This is supported by Mann and Gleck (2015) as there
is a connection between California becoming dryer and hotter due to climate change. For
the purposes of this project, we modeled two precipitation declines (.25 and .5 inches) as
drought is more likely to become frequent and have significant impacts on grasslands. A
precipitation change variable was linked in the model both to above and belowground
growth and decay through soil moisture so that changes in temperature would impact
these aspects of the model.
3.6 Model Validation
Validation of a model is based on how well the simulations results represent
reality (Martis, 2006). There are a number of ways to validate simulation models
including comparing them to field experiments, comparing them to prior research, and
comparing them to other validated models. For this model, we will be checking how well
our model’s results compare with prior research that engaged in field studies to test the
models behavior around CS (Martis, 2006) and whether the change in FGs composition
impacts estimated CS. Model validation was conducted by comparing outcomes to
several field studies that have similar characteristics, including one from Marin County,
just north of Santa Cruz County (Sanderman & Amundson, 2008) and Yang et al. (2019)
work on restored experimental grasslands in Minnesota. Additionally, two meta -analysis
were used for points of comparison (Jones & Donnelly, 2004; Zhou et al., 2017). Jones
and Donnelly (2004) conducted a global meta-analysis . The articles included use d a
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range of different treatments, but they were able to calculate some annual changes in C
from the articles include. Zhou et al. (2017) used 144 articles to look at the impact of
grazing on carbon and nitrogen pools in their global meta-analysis.
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RESULTS

This chapter examines the results of the data collection and model creation
discussed in Chapter 3. It examines how well the model aligned with prior work as the
first step in the validation process.
4.1 Model Behavior and Performance
Figure D.1 (in Appendix D) represents the initial model created for this thesis.
The baseline of carbon was set at 5 kg C m-2 yr-1, which was an estimated baseline and
should be adjusted with additional research conducted to find out the exact carbon level
in the study area. Over the course of one year, there was a total of .442 kg C m-2 yr-1 of
carbon sequestered (Figure 4.1). Sanderman and Amundson (2008), in their field work on
the Marin County coastal prairie ecosystem, measured an annual rate of .574 kg Cm-2yr-1,
which is close to the rate of our grassland at 1 m in depth. This was conducted in Marin
County, so there are similar weather patterns.
Yang et al. (2019), in their long-term experimental study of grasslands in
Minnesota which is burned annually, reported for the plots with the highest diversity (16
species) at their longest period of time (22 years) an annual C storage of .71 (±.011) Mg
C ha-1 yr-1 (.071 kg C m-2 yr-1) in their last period of observations. They also found a
decelerating rate of accumulation towards the end of the study period, which means that
since the location in our simulation had not been disturbed for over 50 years, we would
expect lower annual rates of CS. Furthermore, when Yang et al. compared their 22 year
experimental study site to an abandoned adjacent grassland they found the adjacent area
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had an annual CC storage rate of around 0.17 (± 0.05) Mg C ha-1 yr-1 for the first 20 cm.
The depth of their study was shallower than our study (only 60 cm for their field
observation and 20 cm for the adjacent fields), so deeper studies might have resulted in
higher rates of CS.
Additionally, Rees et al. (2005), in their meta-analysis, found that CS during the
growing season ranged from .01-2.8 kg C m-2, which our estimates also fit into. Finally,
others have also noted similar C sequestration rates in the US and Canadian grasslands
with levels ranging from .2 Mg C ha-1yr-1 up to .58 Mg C ha-1yr-1 (.02 to .058 kg C m-2yr1

respectively; see Jones & Donnelly, 2004).
One of the main differences between several of these studies and the current one

is the presence of C4 grasses. While the introduction of C4 grasses at SPR would be a
poor management choice as it would involve introducing non-native species, the
simulation model could test what it would be like if these species were present. It also
allowed us to test whether different ratios of FGs impact the level of CS. As noted by
Yang et al. (2019), the succession from C3 and legume dominance to C4 dominance
should increase the CS rates, which was supported by their work, which occurred in the
Midwest. For the purposes of testing this concept, we change the presence of C3 to 45%
making C4 grasses represent 51% of the species present in the grassland, leaving the rate
of forbs (3%) and legumes (1%) as is. This would make C4 grasses the dominant species
within the grassland and reflect prior work that has found that C4 grasses make up at least
half of the species in grasslands in the US (U.S. National Park Service, n.d.).
With this simulation, simulated CS in this study was actually lower (0.401 kg C
m-2 yr-1, 9.2%), even though C4 grasses grow taller and have a higher root:shoot ratio in
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the model compared to C3 grasses (Figure 4.1). There are a number of reasons why this
might occur, including the temperatures and timing of precipitation in the grasslands. C4
grasses grow better when there are higher temperatures that are not necessarily sustained
in the study area and there is more precipitation later in the spring or fields are irrigated.

Figure 4.1. C4 succession simulation results

4.2 Model for Changes in Grazing
One of the initial issues noted in data collection was the impact of the grazing
regime on the grass productivity at SPR. In the final model, the grazing intensity was 320
head of cattle on the rangelands for 45 days based on grazing records from the past few
years. Stockers are brought on around April 15 (day 105) and graze until around June 9th
(day 160). The next set of simulations looked at how changes in grazing patterns might
impact CS. The first scaled back the number of stockers added to 150 and the second
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looks at the CS if there were only the 50 SPR cattle. Figure 4.2 shows the comparison
between the 3 grazing scenarios. Two factors were considered: The impact on the
aboveground biomass and CS. This matched with Zhuo et al. (2017) who noted, in their
global meta-analysis, that light grazing increased C pools by 0.7% but moderate and
heavy grazing significantly decreased SCP by 3.45% and 9.92%.
As can be seen in Figure 4.3, the impact of reduced grazing had a significant
impact on the volume of biomass remaining over the course of a year. Zero additional
cattle, unsurprisingly, had a lot more aboveground biomass while the initial model had
almost no biomass because it was eaten.

Figure 4.2. Grazing’s impact on aboveground biomass

When examining the changes in CS because of changes in grazing, there was little
difference across the three grazing models (320, 150, 0) with 320 having a final CS of
78

0.442 kgC m-2 y-1, 150 with 0.446 kgC m-2 y-1 (+.9%), and 0 cattle with 0.46 kgC m-2 y-1
(+4.1%; Figure 4.3). Prior research has found that grazing did not impact root or shoot
decay, but rather belowground decay is more closely influenced by environmental factors
such as temperature and precipitation variability (Giese et al., 2009). Research looking at
grazing across California’s rangelands also did not find significant differences (Silver et
al., 2010). Silver et al. (2010) in their meta-analysis of carbon pools across California,
found that grazed sites had slightly higher rates of C than ungrazed ones, but these were
small and not statistically significant. It should be noted that grazing’s impacts on
grasslands can be extremely variable based on grazing strategies, animals uses, and type
of grassland.

Figure 4.3. Change in CS by grazing strategy
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4.3 Modeling Temperature Change
To model potential changes in temperature, Infar et al.’s (2018) research was used
as they estimate an expected change of about 3°F or 1.5°C (app.), which was done in the
first comparison. That was changed in the 2nd model to 6°F or 3°C, as there has also been
an underestimation of the changes over the last 20 years.
The results indicated that the temperature change at SPR will not overly impact
CS even with an overall 3°C change (Figure 4.4). For the initial temperature the CS was
0.442 kgC m-2 yr-1, 0.491 kgC m-2 yr-1 for 1.5°C (+11.1%), and even with 3°C the CS was
only at 0.514 kgC m-2 yr-1 (+16.4%). This partially reflects the location. SPR had rather
mild climate with the hottest days averaging 22°C, so even a 3°C change keeps the
temperature within the ideal temperature growing range. While very recent research notes
that C3 plants might peak around 18°C (Duffy et al., 2021), these temperatures do not
occur until later in the summer when C3 plants would no longer be growing (often in late
summer and early fall) in the coastal areas under study.
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Figure 4.4. Change in CS by temperature change

4.4 Modeling Precipitation Changes
The final set of analyses was the impact of precipitation on CS. In this model
precipitation was decrease by 0.25 and 0.5 inches. The decline in rain at the 0.25 inches
decreased CS 0.290 kgC m-2 yr-1 (-34.4%) and the decrease of 0.5 lead to a decrease in
CS to 0.268 kgC m-2 yr-1 (-39.4%; Figure 4.5). This in because changes in precipitation
directly impacts below and aboveground systems, which affect both growth and decay.
The changes in precipitation will impact all 4 FGs, but especially root decay, as root
decay slows down in dry climates (Figure 4.6).
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Figure 4.5 Changes in CS by precipitation change

This is mostly driven from the changes in the belowground biomass, as much of
the aboveground biomass was grazed to a small amount in the model, but there were also
indicators of less biomass aboveground as well during the growth period. While this
model represented an overall decline in rain, it should be noted that some climate models
are predicting that the overall amount of rain will not necessarily decline in wet years, but
rather come in shorter, more intense bursts, which has historically led to flooding events,
what Swain et al. (2018) called whiplash events, going from drought conditions to intense
precipitation events. These whiplash events will also impact the amount of moisture
available in the system, as most of the rain will fall in a shorter intense time period, allow
less of the moisture to be absorbed into the ground for plant use. This change is
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something future models need to consider when modeling the effects of precipitation in

DMNL

the future

Figure 4.6 Root decay under precipitation changes

4.5 Modeling Temperature and Precipitation Combined
The final set of modeling combined estimates of temperature increases with
declines in precipitation. Within the 0.25-inch decrease in precipitation, a change in temp
of 1.5°C leads to a CS rate of 0.298 kgC m-2 yr-1 (-32.58%) while an increase of 3°C led
to a CS rate of 0.280 kgC m-2 yr-1 (-36.65%). Within the .5-inch decline in precipitation,
for a temperature change of 1.5°C, we see a rate of CS at 0.217, 0.271 kgC m-2 yr-1 (38.69%) and a 3°C change had a rate of 0.247 kgC m-2 yr-1 (-44.12%; Figure 4.7). All of
these combinations represent a precipitous decline from the initial rate of 0.442 kgC m-2
yr-1 demonstrating that increased temperature accompanied with decreased precipitation
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has a significant impact on the abilities of grasslands to sequester carbon, even in location
where the potential changes in temperature are not as extreme as other locations around
the world. This was mostly shown in the slowing biomass and decay rates under various
temperature and precipitation scenarios in the model. This also demonstrates the ability
of system dynamics modeling to be robust enough to help predict the influences of
management strategies under various ecohydrological and temperature scenarios.

Figure 4.7 Changes in CS by precipitation change
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DISCUSSION AND CONCLUSION

The aim of the research is to explore whether system dynamics modeling using
FGs found in California Central Coast grasslands can estimate annual carbon
sequestration. The sub-aims included collecting field research about potential FGs to
include in the model, develop a system dynamics model structure that uses FGs to predict
soil C changes, evaluate how the model responds to various scenarios to check for model
behavior, and compare the model to field research in the literature. Kipling et al. (2016)
suggested that modeling was an important tool for the implementation of CS management
strategies to test the results to ensure best practices. This thesis represents that first
attempt at specifically modeling the rangelands at Swanton Pacific Ranch, which has a
moderate temperate grassland that is used for grazing. This chapter examines the findings
within the broader body of literature, the limitations of the study, as well as the
implications and suggestions for future research.
5.1 Discussion
5.1.1

Data collection

Creating FGs should be based in field work to ensure that the FGs represent the
areas under study. The first aim of this project was to collect field data to understand
what groups in what quantities were present in the grassland at Swanton Pacific Ranch.
To accomplish this, 50 sites were selected and data was collected following the protocol
in Appendix A. There were some limitations as the timing of the data collections limited
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the amount of belowground biomass sampled, which meant that prior work was also
consulted to ensure appropriate estimates were in the model for belowground biomass
(See section 3.3.3 for sources). Of the 50 sites, four were eliminated because of
significant amounts of poison oak present in the site which made sampling not possible
(Plots 16, 35, 40, and 42). Sampling revealed that the vast majority of species were C3
grasses (96%), and 13 out of the 49 species identified were native with 4 C3, 6 were forbs
and 3 were rushes which were not included in the calculation of FGs for this model.
Future modeling plans will include these as a potential FG, as it can impact overall LAI
in grasslands. Williams et al. (2017) separated rushes, shrubs, and sedges as separate FG
in their study quantifying LAI in wetlands. This can be particularly important when using
modeling, including system dynamics models, in wetlands (Williams et al., 2017), which
also occur at SPR.
5.1.2

Model Effectiveness

The second aim of this thesis was to design a system dynamics model of CS that
would allow for the testing of management strategies and temperature and precipitation
changes on a smaller scale using FGs as a key modeling component, following the noted
gap by Del Prado et al. (2013) who advocated for farm level models of GHG outputs to
support CS as a climate change mitigation strategy. To test this model we both compared
the range of carbon levels in the initial model to prior work as well as tested whether
changing the dominant grass FG would change the level of CS the model predicted.
Using FGs allows for more succinct modeling while still accounting for the diversity of
species.
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Most research tend to limit their models to a few species or are focused on
specific crops and their potential impact of CS. Experimental research tends to look at a
small number of species, often limiting experiments to 16 species while grassland field
research tends to look at FGs but they tend to be across large areas that are not
necessarily subjected to the same management practices. Research that engages in
simulation modeling can use FGs found within software applications, like what are found
in the LPJmL (Rolinski et al., 2018; Sitch et al.; 2003) and DayCent, which relies on field
research and the body of literature to create dynamic global vegetation models. These are
based on physiological, morphological, and bioclimatic attributes and applied broadly
across species that meet inclusion criteria to group them into distinct groups. This should
be checked for each type of ecosystem that an FG is being applied to as some FGS might
need adjustments to reflect field research in terms of their ecosystem response
(Boulangeat et al., 2012).
The model worked within expected boundaries for a 1-year time period using FGs
when compared to prior work. The initial results of the model aligned with the
aboveground growth rates seen at SPR, specifically with regards to the precipitous
decline in aboveground biomass given the current grazing strategies as reflected by the
average number of head of cattle that is allowed to graze at SPR. Our model simulated
CS within the range of prior works’ estimates CS for a location in Marin County, CA,
close to SPR (DeLonge et al., 2013; Sanderman & Amundson, 2008). The current model
simulated a single year of CS showing that under the baseline settings in the model, we
could expect a peak 0.442 kgC m-2 y-1 of carbon.
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The use of FGs simplified and streamlined the model. In the grasslands that were
modeled there were 49 species that were present, which would have made the model
difficult at best. Additionally, because there was a lack of C4 grasses, we were able to run
a model to see what the grasslands would be like in terms of CS if they were present as
prior work has found the C4 grasses are better at CS than other FGs (Wolf & Ziska,
2018). As noted previously, C4 grasses have the greatest root mass, its roots had the
lowest decomposition rates, and use N more efficiently than C3 grasses, resulting in a
relatively smaller investment of N in photosynthetic carboxylation enzymes (Wolf &
Ziska, 2018). In our model, the increase in the C4 FG actually resulted in less CS, which
may have to do with the climate in the location, including water availability during peak
C4 growth in the later spring. Prior work has noted that under cooler temperatures, C3
grass dominated areas would have higher rates of carbon uptake than C4 grass dominated
areas because of environmental conditions (Ehleringer et al., 1997). Additionally,
changes in atmospheric CO2 levels might also impact C3 and C4 grass distributions, as C3
grasses seem to do better under higher CO2 levels, as do legumes and forbs, than C4
grasses (Ghahramani et al., 2019) which could have consequences on future grassland
composition and the use of FGs to model CS in locations where C4 grasses are currently
dominant.
5.1.3

Modeling Grazing Strategies

The model was able to demonstrate changes in CS levels across different grazing
levels. The research on the impacts of grazing on rates of CS are limited, especially in
California. This study showed limited differences across herd size. Abdulla et al. (2008)
looked across a variety of climate types and grazing strategies globally and found that
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only the lowest intensity grazing sites had any impact of SOC. Our study did find that no
grazing did have a higher level of CS occur, but the differences were small at best. This
could be because, unlike Abdulla et al. (2008) who only accounted for aboveground
factors, our model also accounted for belowground factors. They note that different
climate zones had significantly different effects in terms of the impacts of grazing on CS,
but it was more strongly driven by climatic factors. Follet and Reed (2010), in their
policy focused meta-analysis, suggested that properly managed grazing can increase CS,
especially in marginally productive pasture lands or areas being reclaimed from
agriculture. This is especially true as the US is shifting how land is being used (Follett &
Reed, 2010). Zhuo et al. (2017) found differences in their meta-analysis in the impact of
the intensity of grazing on CS, with light grazing increasing C while moderate and sever
grazing reducing the rate of CS.
At this time there is a paucity of research that looks at system dynamics modeling
with grazing in California. The research that exists is field studies. For example, both
Combs (2012) and Wolf (2011) looked at short- and long-term grazing with sheep in
Coastal California. Wolf (2012) found differences in C levels at the previously grazed
site compared to the site that had not been grazed in their study of sheep grazing.
However, Combs (2012) did not find a statistical difference in the level of CS between
short- and long-term grazing strategies across the two sites in Wolf’s study.
5.1.4

Temperature and Precipitation Modeling

There is a growing need to understand the impact of temperature and precipitation
change on CS in rangelands and grasslands if they are to be considered potential locations
for significant CS practices (Eze et al., 2018). Temperature changes alone at SPR might
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not be that significant for CS given the mild temperatures already present at SPR, which
have an average annual high of 29°C in fall. Dass et al. (2018) have noted that in places
like California, research is showing that grasslands are more resilient to climate change
and able to serve as a more stable CS location. The temperature only models ran for this
study supported that notion, as even with an extreme change in temperature (3°C), the
difference between the initial model of 0.442 kgC m-2 yr-1 and the 3°C model was 0.514
kgC m-2 yr-1, which was a change of 16% In fact, the increase in temperature increased
the CS rate, even with a lack of C4 (warm season) grasses present in the rangeland which
are better at CS.
Duffy et al. (2021) noted that the biological process for CS (respiration and
photosynthesis) are limited by temperatures, with C3 plants peaking at about 18°C and C4
plants peaking at 28°C in terms of transitioning from CS, which they termed thermal
maxima of photosynthesis and plant respiration, although there is variability at the plant
and ecosystem level. In the particular grassland in this study, the hottest day of the year is
mid-August, with temperatures in late spring reaching into the high teens, staying within
the ideal CS range for the C3 grasses that are present. Duffy et al. (2021) notes that there
is a significant likelihood that we will reach the thermal maxima for some ecosystems
within the next few decades, making management strategies even more critical in order to
try to mitigate warming and sequester as much carbon as possible before temperatures are
sustained above maxima for net primary production, which will result in low CS abilities
of plants, lowering the ability for land carbon uptake. As Duffy et al. noted, while there
are only a few places today that experience these extremes, and these areas tend to be
sparsely populated in terms of plants, at the currently estimated rate of warming, up to
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half of the terrestrial biosphere could be experiencing these highs for longer periods of
time creating significant ecological issues.
In our model, the largest changes were when temperature and precipitation were
combined although precipitation alone also declined CS b 39%. Combined, we saw up to
a 44% decline in CS. Sandor et al. (2018), in their testing of multiple biogeochemical
models, found that changes in precipitation and temperature impacted both production as
well as the ability of grasslands to support grazing. When precipitation increased, so did
production, while when precipitation decreased and temperature increased, production
decreased, impacting the ability of grasslands to sequester carbon.
The impacts of these combined changes can lead to changes in grassland
composition as well, as the changes can begin to give preference for physiological
drought tolerant species (Craine et al., 2011). Prior work has noted that this is particularly
important for understanding C3 grasses, as opposed to C4 grasses (Gremer et al., 2015), as
C3 dominated plots lost coverage in Gremer et al.’s study as temperature and precipitation
changed. While this was not accounted for in the current model, it should be considered
in future models.
Prior work has noted that precipitation and temperature are some of the more
important features that impact CS globally, especially for systems modeling (Sándor et
al., 2018). Sandor et al. (2018) found this to be true when modeling treatment strategies,
including mowing and grazing. It will also be important to consider the whiplash effect
that Swain et al (2018) noted in their study of changes in California weather patterns.
Models can be helpful to see how these changes might impact both net biomass and CS.
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5.2 Limitations
There were several limitations of this study. The most significant was the inability
to test soil samples from the rangeland for carbon and nitrogen content due to the
COVID-19 pandemic. The current soils configuration in the model was also limited and
should be expanded in the future for a more nuanced understanding of the impacts of soil
structure on CS to account for more carbon pools and soil carbon stabilization
mechanisms, but that was beyond the scope of the current study. We used an average
from prior research as a comparison. The goal in the future is to do the direct
comparisons to field research at SPR that study changes in CS over time with different
treatment strategies. Future work should also consider the relationship between FGs and
soil properties, as roots play a major role in soil aggregation and soil biological properties
(Gould et al., 2016).
Another limitation was that there were no C4 grasses at SPR, neither invasive nor
native. While C4s are included in the model, they were not impacting the model and were
given the value of 0. It was assumed there were no C4 grasses, but the field work from
this study confirms that assumption. It is hoped that future use of this model can be
applied more broadly, including C4 grasses and shrubs (Fornara et al., 2011). The
application of the model to additional locations, including to grasslands with C4 plants,
would give a test of what impact the full range of FGs have on CS. Some of the data used
for the model, such as the temperature and rainfall data, was a bit older, but were also
representative of conditions in the rangelands. The upside of modeling is that we can see
how changes in temperature impact the outcomes without adding more data points.
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An additional limitation was the need for a focused and somewhat limited model
to test the proof of conceptual functions within the model. Because of this, there are other
factors (such as the nitrogen cycle and more sophisticated complex soil biogeochemical
properties) that should be added in the future but were not within the scope of this study.
We also did not include other FGs (such as woody shrubs) that might be present in other
grasslands but was not present in this one. Because the areas of interest in this study are
grazed regularly, there is not a lot of shrub encroachment into the area. Future research in
other locations may need to add in additional FGs to fully understand the impact of their
management strategies.
Another important factor to consider is disturbance and how that can impact CS,
which was not included in the current model and is a limitation. Prior work has noted that
a large amount of carbon is stored in the top 20 cm (Sanderson et al., 2013), so
disturbance of grasslands by grazers can impact the ability of surface C to stay
sequestered and should also be accounted for more thoroughly. Additionally, inputs from
animals, such as manure, as well as dynamic grazing to account for cattle growth rate,
also needs to be accounted for in modeling.
Finally, there needs to be some ability to change out the removal of biomass
through other means. This model assumes a grazing strategy for cattle, but there needs to
be some consideration for other species, especially deer herds, that were not accounted
for in the model. This can also include fire regimes, mowing, and tilling.
5.3 Implications
There are several notable implications for the field for this work, the first of
which is in terms of grassland management strategies. Understanding how different
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strategies, including grazing, can impact CS as well as grassland production is important
for planning. Modeling can help managers test out a variety of scenarios before
implementing them to see what the potential outcomes are. Some have noted that the
additional factors, such as compost or mechanical vegetation management like mowing
(Del Prado et al., 2013) and crop rotation (Acharya et al., 2012) might have an effect both
on CS as well as C emissions in grasslands and should be considered in future research.
SPR is starting a composting project on the rangelands where this study was conducted,
which will allow for additionally factors to be added to the model in the future. Also, this
model should be tested with other grazing species, such as sheep or goats, or wild grazing
herd, like deer, that might also impact CS within grasslands.
Another implication is increasing strategies that would maximize CS within the
grasslands. All potential carbon sinks need to be considered in the fight against climate
change. Grasslands have a significant potential, especially rehabilitating abandoned
agricultural lands that were once grasslands. Grasslands make up around 40% of the
earth's surface (Abdalla et al., 2018) and they account for 34% of terrestrial carbon
storage, with the vast majority (89%) of carbon stored in the soil (Eze et al., 2018). There
are 1430 million hectares of abandoned agricultural grasslands globally that could serve
as viable locations of CS. If we wait for the natural processes for CS, it will take decades
to store enough carbon to impact the current climate crisis (Yang et al., 2019). Hence
simulation modeling to test strategies before implementing them allows this process to
occur more quickly.
The final implication is the importance of developing models to simulate carbon
sequestration on a smaller scale. Many models look at larger scales, including entire
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continents or the world, but that is not useful for managers in the field. This model was a
proof of concept that system dynamics modeling, specifically, could be used at the
landscape level of help predict CS within a grassland.
5.4 Suggestions for Future Research
The primary suggestion for future research is to continue validation and increase
the complexity of the model. While the model is based either on findings from field work
or other research, the model represents a first pass on creating a smaller scale model for
management using a SDM tool that compensated for some of the limitations in farm scale
models like DayCent, where plot sizes are more constrained. The inclusion of a more
refined representation of soil biogeochemical processes, including coupled carbon and
nitrogen cycles should be considered within the model. Research has shown that nitrogen
plays an important role in CS, especially in the growth of legumes as a FG (Canarini et
al., 2018; Reich et al., 2003). Legumes help to sink nitrogen into the soil increasing the
access for other plants to this resource. Adding nitrogen to the model, including as a
function of the amount of legumes that are in the rangeland, would increase the nuance of
the model.
The second recommendation for future research is the application of the model to
additional locations to further test the applicability for management strategies. This can
include other types of livestock, no intentional grazing, and the impact of naturally
occurring herd animals such as deer on the grasslands. Researchers have noted the
importance of these management strategies in the restoration of native grass species
(Henneman et al., 2014) especially as non-native species can have a different effect on
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CS than native species (Koteen et al., 2011). These were beyond the scope of this study
but would be important modifications for management strategy testing.
Additionally, researchers (Koteen et al., 2011) have noted that there are
differences in the ability of grasslands, including in California, to store carbon based on
the ration of native or invasive species. This is because root depth, water use, and soil
respiration (Koteen et al., 2011; Zhang et al., 2016) is different in native grasses
compared to invasive ones. Including this factor, if possible, could add an additional layer
of complexity to the model in assessing carbon.
Another potential area is modeling more dynamic precipitation scenarios. As
noted in Swain et al. (2018), California’s precipitation patterns are expected to change to
periods of prolonged drought followed by intense, shorter wet years. While the average
amount of precipitation will stay about the same in these wet years, the timing and
intensity of the precipitation can impact the usability of the water in the grasslands,
especially if the intensity is strong enough to create runoff and flooding. This could
impact soil moisture that is able to be used by grasses, especially C3 grasses as noted by
Gremer et al. (2015). Another area that could be considered is the impact of fog on
available moisture, especially for coastal grasslands like the one under study in this
project. This could be a separate aspect of a system dynamic model.
The final recommendation is to examine the impact of fire on the rangeland. In
2020, the CZU Fire Complex burned a significant part of SPR, including part of the
rangeland. This is a unique opportunity to see how fire as a form of disturbance can
impact CS in the field and how we can create models to use fire as a primary disturbance,
as fire is considered a potential fuels mitigation strategy in rangelands across the US.
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5.5 Conclusion
This study represented a concept for modeling CS as part of rangeland
management using FGs as the primary feature for modeling species in a temperate
rangeland on the coast of California using SDM. The rangeland used was an annual
grass-dominated coastal grassland, that had been in cultivation for a period of time until
70 years previously. The only disturbances that occurred over the course of this time
were from grazing animals. This thesis sought to test whether SDM could simulate CS in
this grassland, as well as offer the opportunity to model management practices impact on
CS.
The simulation model was able to model CS levels using FGs, which were within
range of other grassland research. While we hoped to be able to measure the level of
carbon in the soils in the rangelands to have a more refined starting C level, a global
pandemic prevented this work, so the results were compared to other field research. The
grazing scenarios showed that grazing was not a significant factor for CS, which also was
aligned with some prior work, but there are also other studies that have found that grazing
can impact CS in grasslands, so this should be explored further. Changes in temperature
alone also did not have a large impact CS in our grassland model, but this could be
because of the mild temperatures that would still be in place even with a 3C degree
increase in annual temperature. However, precipitation alone and precipitation with
higher temperatures had a precipitous impact on CS within the grassland, decreasing the
amount of carbon sequestered within a year to much lower rates than the initial model.
This is believed to be due to the impact on soil moisture, which would impact both plant
growth and root decay rates.
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While there were a number of limitations for this model, the test of the concept
was successful. The key areas that should be explored further include creating a more
dynamic model for soils especially as soil dynamics become better understood, continue
to explore modeling with additional FGs, additional temperature and precipitation
consideration, as well as model diverse disturbances such a fire to see how they might
impact CS. This type of modeling work is critical as understanding how to best sequester
carbon in grassland, especially as climate change increases in its detriment to society.
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APPENDICES
Appendix A
Location of Sampling Sites

Sample Number
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35

Longitude
W122° 14' 42.451""
W122° 14' 39.916""
W122° 14' 39.208""
W122° 14' 34.544""
W122° 14' 30.049""
W122° 15' 5.762""
W122° 15' 11.638""
W122° 15' 7.115""
W122° 14' 57.111""
W122° 15' 1.234""
W122° 15' 7.662""
W122° 15' 14.875""
W122° 14' 57.985""
W122° 15' 19.759""
W122° 15' 20.024""
W122° 14' 58.346""
W122° 14' 54.970""
W122° 14' 46.400""
W122° 14' 46.977""
W122° 14' 40.584""
W122° 15' 5.466""
W122° 15' 4.791""
W122° 14' 59.189""
W122° 14' 51.307""
W122° 14' 58.470""
W122° 14' 43.154""
W122° 14' 48.286""
W122° 14' 50.289""
W122° 14' 38.380""
W122° 14' 40.996""
W122° 14' 35.661""
W122° 14' 30.676""
W122° 14' 22.752""
W122° 14' 28.694""
W122° 14' 23.263""

Latitude
N37° 4' 45.717""
N37° 4' 48.639""
N37° 4' 55.525""
N37° 5' 1.608""
N37° 5' 0.577""
N37° 4' 29.191""
N37° 4' 29.433""
N37° 4' 33.917""
N37° 4' 26.464""
N37° 4' 26.439""
N37° 4' 23.138""
N37° 4' 19.336""
N37° 4' 16.033""
N37° 4' 21.252""
N37° 4' 17.902""
N37° 4' 11.900""
N37° 4' 7.208""
N37° 4' 14.623""
N37° 4' 4.731""
N37° 4' 6.304""
N37° 3' 55.275""
N37° 3' 50.515""
N37° 3' 48.562""
N37° 3' 44.901""
N37° 3' 39.795""
N37° 3' 36.730""
N37° 3' 34.517""
N37° 3' 30.372""
N37° 3' 27.449""
N37° 3' 23.738""
N37° 3' 33.120""
N37° 3' 27.301""
N37° 3' 33.098""
N37° 3' 21.605""
N37° 3' 22.156""
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36
37
38
39
40
41
42
43
44
45
46
47
48
49
50

W122° 14' 16.579""
W122° 14' 12.128""
W122° 14' 7.469""
W122° 14' 3.375""
W122° 13' 57.398""
W122° 13' 56.896""
W122° 13' 18.394""
W122° 13' 15.327""
W122° 13' 7.359""
W122° 13' 4.236""
W122° 12' 59.798""
W122° 13' 3.223""
W122° 13' 5.392""
W122° 13' 10.857""
W122° 13' 13.901""

N37° 3' 15.905""
N37° 3' 18.327""
N37° 3' 10.158""
N37° 3' 13.129""
N37° 3' 11.832""
N37° 3' 2.464""
N37° 2' 47.406""
N37° 2' 50.637""
N37° 2' 56.293""
N37° 2' 58.198""
N37° 2' 57.596""
N37° 2' 51.848""
N37° 2' 49.157""
N37° 2' 45.073""
N37° 2' 40.853""
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Appendix B
Grass Community Field Survey Procedure

Objectives
Goal of the survey is to determine the plant diversity at grass land at Swanton.
Tasks includes, but are not limited to:
1. Create detailed GIS feature layers to compile survey location and area boundaries.
2. Sampling grass by following ecological survey procedure to identify species, and to
count number of plants of each species.
3. Collect spatial information using Survey123 mobile app.
4. Collect plant sample to take biological information (biomass and height).
5. Perform lab and office work to document plant data for final submission.
Final Deliverables
A 1.5 to 2 weeks of work for a 2-student team would be anticipated. The
estimated workload can be adjusted if necessary to ensure feasibility and workability.
Students will work as a team for safety reasons and are expected to perform bench work
after returning from fields to handle plant samples and process field data. Students are
expected to perform thorough field and office tasks to deliver high-quality final product
before August 31, 2019. Final deliverables include:
1. One technical document (approximately 5 pages, increase or reduce if necessary)
clearly outline and detail the procedures taken to complete this work, and site
description.
2. GIS data layers submitted separately but align with the site description in the tech
document to include polygons of all survey areas and point data of each sampling
plot.
3. Survey123 records.
4. Final Plant Survey Data Sheet in Excel.
Procedure
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1. Preliminary plot assessment: Use the GIS map attached at the end of this document to
identify accessible and representative survey areas within A, B, C, and D zones.
Outline each identified survey area to create a map layer. Report the number of the
total plots in each area, and the size of each area at the end of this preliminary
assessment. In the meantime, please provide the students’ Cal Poly IDs (email
address) to Dr. Chiu. She will grant students access to use Survey123 within a couple
days after receiving student information.
2. Estimate sampling points in each survey area: Apply the principle attached at the end
of this document to calculate total sampling points (plots) required in each area. There
is no need to identify the Lon/Lat of each plot (its center point) as this point. This
information will be recorded later when performing plant sampling.
3. Prepare for taking geospatial information: Students are required to install Survey 123
for ArcGIS app prior to departure for field work. The app can support off-line
working mode; therefore, no mobile data plan is required for this task. The mobile
device, however, needs to meet the minimal requirement of GIS compatibility and
equipped with camera.
4. Prepare plant survey sheet (See “Basic Components of the Plant Survey Data Sheet”
attached below): Create a list of plant list (a.k.a. Tab 2 in the Plant Survey Data
Sheet) based on all available information prior to conducting field work.
Systematically id each grass species and print out the “cheat sheet” for your use in the
field. Make sure to leave some extra blank rows for new species found in the field.
5. Field work: Go to each designated plot and collect the following data –
a. Check tools:
Mobile device.
Large Ziploc bags (reuse these if you can) and marker.
Clipboard and pen.
Plant Survey Data Sheet (blank forms and a plant ID cheat sheet).
Ruler, 4 sticks (such as tent stakes or pegs), and a 200-cm string.
Personal supply, such as water, hat, sunscreen, and snacks.
b. Randomly create a 50-by-50 (50 cm by 50 cm) sampling plot with 4 sticks and a
200-cm string. Identify plants species and the number of each within this sampling
plot. Record plant information in the Plant Survey Data Sheet.
c. Collect 1 plant sample of each species from each sampling plot (pick a
representative one, rather than an extreme individual that is much bigger or smaller
than an average). Make sure you keep the above-ground and under-ground (roots)
tissues carefully. Take a Ziploc bag for each area to collect all plants extracted
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from each plot. Mark the bag with area ID systematically created by the students.
Add more bags if necessary.
d. Use the Survey123 form created by Dr. Chiu (scan the QR code to access the
form) to record the position of a plot and other relevant information requested in
the form.
e. Move on to another random sampling plot nearby and repeat the steps from a to c.
Make sure to maintain reasonable spacing to evenly cover the entire survey area.
f. Move on to next survey area to repeat step from a to e.
6. Lab work:
a. Dry plant samples in an oven, record plant biomass (weight in gram) in next step.
b. Populate data taken in the field to an Excel field accordingly.
c. Write up a technical report to document the actual survey procedure and results,
including all geospatial information.
6. Post-project requirement: Students are responsible to answer all technical questions
from Dr. Chiu in a timely manner if the report is questionable or if any part of it is
vague. Organize and document all plant data to complete the Survey Data Sheet
attached in the email.

Basic Components of the Plant Survey Data Sheet
Plot ID

Plant SpeciesID
number of Average
(Refer to IDs listed in occurrences Height
Tab 2)
(cm)
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Average
aboveground
mass (g)

Average
underground mass
(g)

Example of Systematically create Plant ID for your use)
Plant Species_ID

Common Name

Scientific Name

Family Name

Sampling Spacing

Survey123 Form
To access and use the survey form, please install Survey123 for ArcGIS app first.
The designated Swanton Grass Survey form for complete this task can be found by click
at this URL https://arcg.is/1Tieiz or scan the QR code below:
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This project is sponsored by USDA NIFA McIntire-Stennis Program, titled “Dynamic
Carbon Stock and Flow in A Mixed Land-use Watershed.” For additional information or
questions, please contact: Project PI: Dr. Yiwen Chiu (yichiu@calpoly.edu)

Research Assistant: Dr. Deirdre Sommerlad-Rogers
(dsommerl@calpoly.edu)
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Swanton Boundary

Grass Land

C

B
A
Pink area is the grass
land identified by
satellite image. It
shows a total of 918
grid cells, each in size
30*30 m2

Distribution of Grass Land
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Appendix C
Species found in Field Survey

Species
Agrostis pallens
Aira caryophyllea
Aira caryophylleae
Avena barbata
Avena fatua
Brachypodium distachyon
Briza maxima
Briza minor
Bromus carinatus
Bromus diandrus
Bromus hordeaceus
Bryza minor
Carduus pycnocephalus
Centaurea melitensis
Clarkia rubicunda
Convolvulus arvensis
Cynosurus echinatus
Danthonia californica
Erodium botrys
Eschscholzia californica
Festuca myuros
Festuca perennis
Holcus lanatus
Hordeum brachyantherum
Hordeum marinum
Hypochaeris glabra
Hypochaeris radicata
Juncus bufonius
Juncus patens
Juncus phaeocephalus
Kickxia spuria
Linum bienne
Lysimachia arvensis
Madia sativa
Oxalis pilosa
Plantago lanceolata

Total Count Functional Group
95
C3
843
C3
131
C3
881
C3
15
C3
2281
C3
95
C3
25
C3
272
C3
86
C3
4993
C3
21
C3
12
Forb
18
Forb
1
Forb
22
Forb
477
C3
821
C3
2
Forb
17
Forb
10744
C3
11483
C3
25
Forb
4
Forb
1481
Forb
32
Forb
72
Forb
582
Rush
5
Rush
59
Rush
1
Forb
372
Forb
37
Forb
27
Forb
2
Forb
99
Forb
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Native/Invasive
Native
Non-Native
Non-Native
Non-Native
Non-Native
Non-Native
Non-Native
Non-Native
Native
Non-Native
Non-Native
Non-Native
Non-Native
Non-Native
Native
Non-Native
Non-Native
Native
Non-Native
Native
Non-Native
Non-Native
Non-Native
Native
Non-Native
Non-Native
Non-Native
Native
Native
Native
Non-Native
Non-Native
Non-Native
Native
Native
Non-Native

Pteridium aquilinum
Rubus ursinus
Rumex acetosella
Rumex dentatus
Silene gallica
Spergularia rubra
Stephanomeria virgata
Stipa pulchra
Trifolium angustifolium
Trifolium glomeratum
UK agrostis
UK Native bulb
Vicia sativa

8
6
266
1
103
6
16
295
290
9
320
50
30

Fern
blackberry
Forb
Forb
Forb
Forb
Forb
C3
Legume
Legume
C3
Legume
Legume
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Non-Native
Non-Native
Non-Native
Non-Native
Non-Native
Non-Native
Native
Native
Non-Native
Non-Native

Non-Native

Appendix D
Model Diagrams
Figure D. 0.1. Complete model
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Figure D. 0.2. Aboveground aspect of the model
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Figure D. 0.3. Belowground aspect of the model
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Figure D. 0.4. Grazing aspect of the model
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Figure D. 0.5. Carbon model
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Appendix E
Equations Used in Vensim
Equations/ Value

Unit

0.065+(0.0001*rainfall+0.044*Tavg)
(Total carbon capacity-Start carbon
rate)*soil weight*1000
0.475*EXP(-calculated k*Time)

Dnlm
Kg*m3

kg*m-2*day-1

Start carbon rate
Total carbon capacity

IF THEN ELSE(soil carbon stock/soil
depth>carbon capacity,(soil carbon
stock/soil depth\-carbon capacity)*soil
depth,0)
5 (initial value)
1/(3.3*365)
INTEG (c from decayed root+AB CSdisturbance, initial carbon stock)
0.02
0.1

Soil Factors
Soil weight
Soil bulk density
Soil depth

soil bulk density*(soil depth*1)
1000
1.2

kg
kg
m

0
10
IF THEN ELSE(Aboveground
Biomass<=daily feed demand*number
of cows/grazing area,0, daily feed
demand*number of cows/grazing area)
4.86E+06
profit cow change table(Time)+Cow
change scenario+SPR Cow herd

animal count
kg/Day/animals
kg*m-2*day-1

[(0,0)(365,400)],(0,20),(60,100),(100,200),(1

animal count

Carbon
Calculated k
Carbon capacity
Carbon decay
function
Disturbance

Initial carbon stock
Residence time
Soil carbon stock

Grazing
Cow change scenario
Daily feed demand
Grazing

Grazing area
Number of cows

Profit cow change
table
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Dmnl

kg*m2
1/Day
kg*m3
Dmnl
Dmnl

m2
animal count

10,320),(120,320),(180,320),(190,20),(
365,20))
SPR Cow herd

animal count

Aboveground
Aboveground Growth (IF THEN ELSE (Tavg<10, 0, IF
Rate
THEN ELSE(Tavg>27,
0.5*RUE*radiation intercepting
efficiency*Intercepted
photosynthetically active radiation
Ripar*0.001,RUE*radiation
intercepting efficiency*Intercepted
photosynthetically active radiation
Ripar*0.001)))/365
Aboveground
INTEG ( AB growth rate-grazing,0.01)
biomass
Aboveground Carbon Aboveground Biomass*residence time
Dhi (Daytime hours) (24*ARCCOS(1-(1TAN(37.06*3.1415/180)*TAN((23.439
*3.1415/180)*COS(3.1415*Time/182.
625))))/3.1415)
Ea (Actual vapor
(Rh/100)*Es
pressure)
1-EXP(-0.55*Weighted Avg LAI)
i (Radiation
intercepting
efficiency)
Es (Saturation vapor
EXP((16.78*Tavgpressure)
116.9)/(Tavg+237.3))
LAI (Leaf area index) LAI= 1.5Ln(Ht)-1.4
Rai (Extraterrestrial
(24/3.14159)*4.92*(1+0.033*COS(2*3
radiation)
.14159*Time/365))*(ARCCOS(TAN(3.14159*37.06/180)*TAN(0.409
*SIN(2*3.14159*Time/3651.39)))*SIN(3.14159*37.06/180)*SIN(
0.409*SIN(2*3.14159*Time/3651.39))+COS(3.14159*37.06/180)*COS
(0.409*SIN(2*3.14159*Time/3651.39))*SIN(ARCCOS(TAN(3.14159*37.06/180)*TAN(0.409
*SIN(2*3.14159*Time/365-1.39)))))
Rh (Relative
humidity)

100*(EXP((17.625*Tdew)/(243.04+Ta
vg))/EXP((17.625*Tavg)/(243.04+Tav
g)))
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kg*m-2*day-1

Kg*m2
kg*m-2*day-1
Hours

kPa
Dmnl

kPa
Dmnl
W/m2

percent

Ripar (Intercepted
photosynthetically
active radiation)
Rns (Net short-wave
radiation)
Rsadj (Cloud
adjusted radiation)
Rsi (Net short-wave
radiation)
Rue (radiation use
efficiency)

W/m2

0.45*Rns

(1MJ*m-2*day-1
(0.29+0.06*SIN(Time+96)/57.3))*Clou
d adjusted radiation
Rsi*Daytime sunshine hour
hours
ratio+0.5*Rsi*(1-Daytime sunshine
hour ratio)
(0.75+2*1e-005*40.84)*Rai
W/m2
MAX(0,IF THEN ELSE((Es-Actual
Vapor Pressure Ea)>1,(0.96-0.85*(EsActual Vapor Pressure Ea-1)),((EsActual Vapor Pressure Ea)*0.96)))
sunshine hours per day
table(Time)/"Daytime hours (dh)"

Dmnl

C3 annual growth pattern(Time)*rain
weighting factor
C4 annual growth pattern(Time)*rain
weighting factor
Forb annual growth pattern(Time)*rain
weighting factor
Legume annual growth
pattern(Time)*rain weighting factor

cm

Ratio C4

1-Ratio Forb-Ratio Legume-Ratio of
C3

Dmnl

C3rsr
C4rsr
Forbrsr
Legumersr

3
3.5
3.8
2.5

Dmnl
Dmnl
Dmnl
Dmnl

Change of growth
potential

[(0,0)(20,2)],(0,1),(0.5,1.1),(1,1.2),(1.5,1.3),(
2.5,1.2),(3.5,1.1),(5,1),(20,1))
([(0,0)(366,50)],(1,16),(30,20),(60,24),(90,28)
,(120,32),(150,35),(180,43),(200,43),\
(208.183,30),(232.807,17.1053),(270,1

Dmnl

Sh (Daytime
sunshine hour ratio)

Plants
C3 avg height
C4 avg Height
Forbs avg height
Legume avg height

C3 annual growth
pattern
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hours

cm
cm
cm

cm

C4 annual growth
pattern

Forb annual growth
pattern

Legume annual
growth pattern

5),(298.844,8.33333),(321.229,5),(366,
8.11403)\)
[(0,0)cm
(366,50)],(1,2),(30,2),(60,2),(90,5),(120
,10),(150,15),(180,20),(208.183,40),\(2
32.807,50),(270,35),(298.844,20),(321.
229,10),(366,5))
[(0,0)cm
(366,30)],(0,3),(30,5),(60,7),(90,10),(12
0,15),(150,20),(180,29),(200,29),(210\,
25),(240,15),(270,5),(300,2),(330,1),(3
66,1))
[(0,0)cm
(366,30)],(0,11),(30,15),(60,18),(90,23)
,(120,27),(150,23),(180,15),(210,10),\(
240,5),(270,1),(300,2),(330,5),(366,7))

C3 LAI
C4 LAI
Forbs LAI
Legume LAI
Weighted Avg LAI
(leaf area index )

1.5*LN(C3 avg height)-1.4
1.5*LN(C4 avg Height)-1.4
1.5*LN(Forbs Ave Height)-1.4
1.5*LN(Legume Avg Height)-1.4
C3 LAI*Ratio of C3+Forbs LAI*Ratio
Forb+Legume LAI*Ratio Legume+C4
LAI*Ratio C4

Dmnl
Dmnl
Dmnl
Dmnl
Dmnl

Ratio forb
Ratio legume
Ratio of C3

0.03
0.01
0.96

% in sample
% in sample
% in sample

INTEG (Root Growth Rate-root decay,
0.0002)
([(0,0)(1,1)],(0,0.1),(0.1,0.1),(0.2,0.7),(0.3,0.8
),(0.4,0.7),(0.5,0.1),(0.6,0.1),(0.7\
,0.1),(0.8,0.1),(0.9,0),(1,0))
AB growth rate*"Root-shoot
ratio"*new root growth pattern(Soil
Moisture)
(C3RSR*Ratio of C3)+(C4RSR*Ratio
C4)+(ForbRSR*Ratio
Forb)+(LegumeRSR*Ratio Legume)

Kg*m2

Belowground growth
Belowground
biomass
New root growth
pattern

Root growth rate

Root-shoot ratio
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g*m-2*day-1

kg*m-2*day-1

Dmnl

Root decay
C from decayed root
Ideal moisture for
decay
Change of decay by
moisture
Change of decay by
T
Decay rate weighter

Root biomass decay
rate
Root decay

Belowground Biomass*(1-carbon
decay function)
0.2

kg*m-2*day-1

([(-1,-1)-(1,0.1)],(-1,-1),(0.5,0),(0.5,0),(1,-1))
([(-15,-1)-(15,1)],(-15,-0.5),(-5,0.1),(0,0),(5,0.1),(10,0.2),(12,-0.9))
(1+(Change of decay by T(Difference
of Temp)+change of decay by
moisture(Difference of soil
moisture\))/2)
0.0006*Decay rate weighter

Dmnl

Belowground Biomass*Root biomass
decay rate

Dmnl

Precipitation and Soil Moisture
Delay release
0.502692
Difference of soil
Soil Moisture-ideal moisture for decay
moisture
Minout
0.0281618
Outflowk
0.212349
Rain weighting factor change of growth
potential(DELAY1(rainfall,2))
Rainfall
Rainfall Table(Time)*(1+rainfall
scenario)
Rainfall scenario
0 (initial value)
Resistance
min(10,resistance effect(1-soil water
content))
Resistance effect
[(0,0)(10,10)],(0,0),(0.2263,1),(0.409786,1),(
0.639144,1.35965),(0.792049,2.14912),
\(0.908257,4.5614),(0.960245,6.66667)
,(1,10),(10,10))
Soil moisture
soil water content*(1+rainfall scenario)
Soil water content
INTEG (water in-water out, 0.265)
Tdew
Tdew Lookup(Time)
Water in
rainfall/100
Water out
min(minOut,DELAY1I(soil water
content/(outflowK*resistance), delay
release, 0.2 ))
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Dmnl

Dmnl
Dmnl

Dmnl

Day
m3*m3
Dmnl
Dmnl
inch/Day
inches
inches

Dmnl
Dmnl

Dmnl
degree C
Dmnl
Dmnl

Temperature
Temperature scenario
Difference of Temp
Ideal T for decay
Tavg

0
Tavg-Ideal T for decay
20
Tavg Lookup
Table(Time)+(temperature scenario)
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degree C
degrees C
degrees C
degree C

